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Preface to "Evolutionary Algorithms in Engineering
Design Optimization”

Evolutionary algorithms (EAs) are population-based global optimizers, which, due to their
characteristics, have allowed us to solve, in a straightforward way, many real-world optimization
problems in the last three decades, particularly in engineering fields. Their main advantages
are the following: they do not require any requisite to the objective/fitness evaluation function
(continuity, derivability, convexity, etc.); they are not limited by the appearance of discrete and/or
mixed variables or by the requirement of uncertainty quantification in the search. Moreover, they
can deal with more than one objective function simultaneously through the use of evolutionary
multi-objective optimization algorithms. This set of advantages, and the continuously increased
computing capability of modern computers, has enhanced their application in research and industry.

To help address and resolve these engineering optimization problems, this book comprises 14
chapters that present a series of contributions in the field. The chapters collect the papers included in
the “Evolutionary Algorithms in Engineering Design Optimization” Special Issue of the Mathematics
MDPT journal, 2020, first decile of the JCR 2020 in the Mathematics category.

The manuscripts cover a wide spectrum in terms of type of problems, methodologies and
applications. Type of problems: single-objective and multi-objective optimization (among them,
analysis of archiving strategies in evolutionary multi-objective algorithms, and preference directions
in multi-objective optimization problems). Methods: genetic programming, genetic algorithms,
particle swarm optimization, differential evolution, estimation of distribution algorithms, memetic
algorithms, among others. Applications: Identification of thermal systems, plastics thermoforming,
reliability (maintenance) and design of systems, multi-objective design of general universal—
prismatic-spherical Gough-Stewart structure platforms, aero-acoustical trailing-edge noise problem,
surrogate modelling of beam T-junctions for characterization of tubular structures, vibration absorber,
online surface roughness measurement of automobile components, daily diet design problem,
bankruptcy prediction problem, optimal tuning of a fractional order proportional- integral-derivative
controller for an automatic voltage regulator system, control system for an aerospace re-entry vehicle,
and design of descent trajectories for spaceplane-based two-stage launch systems.

We would like to thank the MDPI publishing editorial team, the scientific peer reviewers and
the 41 authors who have contributed to this volume. We hope that the manuscripts are of value
to researchers, academics and professionals of multidisciplinary engineering, mathematicians and

computer scientists involved in the resolution and optimization of real world engineering problems.

David Greiner, Anténio Gaspar-Cunha, Daniel Hernidndez-Sosa, Edmondo Minisci,
Ale$ Zamuda
Editors
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Abstract: In a multi-objective optimization problem, in addition to optimal solutions, multimodal
and/or nearly optimal alternatives can also provide additional useful information for the decision
maker. However, obtaining all nearly optimal solutions entails an excessive number of alternatives.
Therefore, to consider the nearly optimal solutions, it is convenient to obtain a reduced set, putting
the focus on the potentially useful alternatives. These solutions are the alternatives that are close
to the optimal solutions in objective space, but which differ significantly in the decision space. To
characterize this set, it is essential to simultaneously analyze the decision and objective spaces.
One of the crucial points in an evolutionary multi-objective optimization algorithm is the archiving
strategy. This is in charge of keeping the solution set, called the archive, updated during the
optimization process. The motivation of this work is to analyze the three existing archiving strategies
proposed in the literature (Archivel pdatePg ¢ Dxy, Archive_nevMOGA, and targetSelect) that aim to
characterize the potentially useful solutions. The archivers are evaluated on two benchmarks and
in a real engineering example. The contribution clearly shows the main differences between the
three archivers. This analysis is useful for the design of evolutionary algorithms that consider nearly
optimal solutions.

Keywords: multi-objective optimization; nearly optimal solutions; archiving strategy; evolutionary
algorithm; non-linear parametric identification

1. Introduction

Many real-world applications pose different objectives (usually in conflict) to opti-
mize [1-3]. This leads to the proposal of a multi-objective optimization approach (MOOP—
multi-objective optimization problem) [4-7]. In a posteriori multi-objective approach [8],
after the MOOP definition and the optimization stage, a set of Pareto optimal solutions [9]
is generated. The decision maker (DM) can then analyze, at the decision-making stage,
the trade-off of the optimal alternatives for each design objective. This enables a better
understanding of the problem and a better-informed final decision.

For the DM, it is useful to have a diverse set of solutions. Traditionally, diversity
is sought in the objective space. However, obtaining a diverse set in the decision space
also offers advantages [10]: (1) it enables the DM to obtain different (even significantly
different) alternatives before the final decision; (2) it helps speed up the search, improving
exploration, and preventing premature convergence towards a non-global minimum. In
addition, the best solutions are sometimes too sensitive to disturbances, or are not feasible
in practice [11-14]. In this scenario, the multimodal solutions or the nearly optimal solution
set (also called approximate or e-efficient solutions) plays a key role in enhancing the
diversity of solutions. Two multimodal solutions are those that, being optimal, obtain
the same performance. Nearly optimal solutions are those that have similar performance
to optimal solutions. Generalizing, it can be considered that multimodal solutions are
included in nearly optimal solutions. Nearly optimal solutions have been studied by many
authors in the bibliography [15-19], have similar performance to optimal solutions and can

Mathematics 2021, 9, 999. https:/ /doi.org/10.3390/math9090999 https:/ /www.mdpi.com/journal /mathematics
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sometimes be more adequate according to DM preferences (for instance, more robust [14]).
Therefore, an additional challenge then arises: to obtain a set of solutions that, in addition
to good performance in the design objectives, offer the greatest possible diversity.

However, considering all the nearly optimal solutions requires obtaining and analyz-
ing a great number of alternatives and this causes two problems:

1. Itslows down the optimization process. In evolutionary algorithms, an archive (a set
to store solutions during the execution) is required. The computational cost of the
optimization process largely depends on the archive size. This is because to check
for the inclusion of a new candidate solution in the archive, it is necessary to check
the dominance (or e—dominance) for each solution in the current archive. Many
new candidate solutions are analyzed in an optimization process. Therefore, a large
archive results in a significantly higher computational cost.

2. The decision stage is made more difficult. The designer must choose the final solution
from a much larger number of alternatives.

Therefore, it is necessary to reduce the set of optimal solutions obtained by the designer.
In the literature, there are different algorithms aimed at finding nearly optimal solutions
in multi-objective optimization problems. The multimodal multi-objective evolutionary
algorithms (MMEAs [20]) are intended for multimodal optimization problems. Some
of the MMEAs take into account nearly optimal solutions in the optimization process,
but most of them do not provide these solutions to the DM. Furthermore, evolutionary
algorithms with an unbounded external archive [21] can also be interesting to analyze
these solutions. These unbounded external archives can be analyzed to obtain the relevant
nearly optimal solutions.

One of the crucial points in an evolutionary multi-objective optimization algorithm
is the archiving strategy (or archiver). An archiving strategy is the strategy that selects
and updates a solution set, called the archive, during the evolutionary process. Some
archivers have been studied previously [19,22-26]. In this paper, we address the problem
of discretization of the potentially useful alternatives. For this purpose, we compare
different archiving strategies that aim to obtain the set of potentially useful nearly optimal
solutions. An archiving strategy must take into account the decision space to ensure that
the potentially useful nearly optimal solutions are not discarded.

For the comparison of the results in this real problem, we have chosen to embed the
archiver in a basic evolutionary algorithm. First, to observe the impact of each archiver
when incorporated into an evolutionary mechanism. In addition, second, because the
computational cost associated with the objective functions of the real problem does not
allow simulations on large numbers of points. Therefore, it is not feasible to test each
archiver with a random or exhaustive search as has been done with the benchmarks.

These archivers have not been compared in the literature, so this work is useful for
future designs of evolutionary algorithms that consider nearly optimal solutions or even
to modify the archivers of the old evolutionary algorithms considering such solutions.
Therefore, the purpose of the paper is: (1) to understand the properties of these archivers,
(2) to provide an analysis for choosing one of these archivers and (3) to give ideas for
designing new archivers. The design of these algorithms are currently open issues in this
research area [18,20,27].

This work is structured as follows. In Section 2, a small state of the art on potentially
useful nearly optimal solutions is introduced. In Section 3 some basic multi-objective
backgrounds are presented. In Section 4, different archiving strategies to characterize the
optimal and nearly optimal set are described. In Section 5 the MOOPs and the archivers
comparison procedure are presented. The results obtained on the archivers are shown in
Section 6. Finally, the conclusions are given in Section 7.

2. State of the Art

As discussed in the previous section, obtaining all nearly optimal solutions leads
to problems. Considering only the most relevant solutions largely avoids the problems

2



Mathematics 2021, 9, 999

mentioned above. Not all nearly optimal solutions are equally useful to the DM. Therefore,
if we manage to discard those that are less useful, we will reduce both mentioned problems.
Let us see a graphic example to illustrate what we consider as potentially useful solu-
tions. Suppose we have a MOOP with two design objectives and two decision variables
(see Figure 1). Three solutions x?!, x2 and x> are selected. x! is an optimal solution (member
of the Pareto set), and it slightly dominates the nearly optimal solutions x* and x°. x! and
x? are very similar alternatives in their parameters (both belong to neighborhoody, the same
area in the parameter space), while X3 is significantly different (it belongs to neighborhood,).
In this scenario, x2 does not provide new relevant information to the DM. This solution is
similar to x! but with a worse performance in design objectives. Predictably, both will have
similar characteristics, therefore the DM will choose x! since it obtains a better performance
in the design objectives. However, x3 does provide useful new information to the DM
because it has a similar performance to the optimal ones and is in a different neighborhood.
The solutions in neighborhood; could be, for example, not very robust or not feasible in
practice. In this context, x> (and the solutions in neighborhood,) could be a potentially
useful solution due to their significantly different characteristics. It is possible, and often
common, for the DM to analyze in the decision stage additional indicators/objectives not
included in the optimization phase. Thus, the DM can assume a small loss of performance
in the design objectives in exchange for an improvement in a new feature not contemplated
in the optimization process. This analysis can decide the final choice in one way or another.
In short, including solutions of neighborhood, increases the diversity with useful solutions
and enables the DM to make a better-informed final decision.

1,9

= neighborhood >

neighborhood ,

fSET)

3
X
5~
\SETZ

S, X,

Figure 1. A MOOP example. On the left, the objective space is shown, and on the right, the decision space is shown. SETj is
the Pareto optimal set and SET; is a potentially useful nearly optimal set.

Therefore, the potentially useful nearly optimal solutions are those nearly optimal
alternatives that differ significantly in the parameter space [28-30]. Thus, the new set must:
(1) not neglect the diversity existing in the set of nearly optimal alternatives; (2) obtain the
least number of solutions. To achieve both aims, it is necessary to employ an evolutionary
algorithm that characterizes the set of solutions by means of a discretization which takes
into account both the decision space and the objective space, simultaneously. A discretiza-
tion that takes into account only the objective space can lead to the loss of significantly
different nearly optimal alternatives in the decision space. This loss is a drawback because,
as we have previously discussed, these alternatives are potentially useful. On the other
hand, a discretization that takes into account only the decision space can lead to archives
with a huge number of solutions [19] and cause the two problems previously mentioned.
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3. Background
A multi-objective optimization problem can be defined as follows:

min f(x) 1
where x = [x1, ..., x;] is defined as a decision vector in the domain Q C R and f:Q—=R"
is defined as the vector of objective functions f(x) = [fi(x),..., fu(x)]. A maximization
problem can be converted into a minimization problem. For each objective to be maximized
max fij(x) = —min(—f;j(x)) will be performed. The domain Q is defined by the set of
constraints on x. For instance (but not limited to —any other constraints could be introduced
in a general MOOP-):

X <x <%, i= [1,...,]{] 2

where x; and ¥; are the lower and upper bounds of x components.
Consequently, the MOOP obtains a Pareto set Py (see Definition 2). This set has
solutions non-dominated by any other solution (see Definition 1) in Q.

Definition 1 (Dominance [31]). A decision vector x* is dominated by another decision vector x*
if fi(x?) < fi(ab) foralli € [1,...,m] and f;(x*) < f;(x") for at least one j, j € 1, ..., m]. This is
denoted as x* < x1.

Definition 2. (Pareto set Pg): is the set of solutions in Q that is non-dominated by any other
solution in Q: Pg := {x € QI € Q:x < x}

Definition 3. (Pareto front f(Pg)): given a set of Pareto optimal solutions Py, the Pareto front is
defined as:

f(Pq) := {f(x)|x € Po}

In any MOOQFP, there is a set of solutions with objective values close to the Pareto front.
These solutions receive several names in the bibliography: nearly optimal, approximate,
or e-efficient solutions. To formalize the treatment of the nearly optimal solutions, the
following definitions are used:

Definition 4. (—e-dominance [32]): define € = (€1, ..., €] as the maximum acceptable degrada-

tion. A decision vector x' is —e-dominated by another decision vector x* if fi(x?) +¢; < fi(x!)

foralli € [1,..,m) and f;(x*) +¢; < fi(x!) for at least one j, j € [1,...,m]. This is denoted by
2 1

Xt 2_ex.

Definition 5. (Set of nearly optimal solutions, Pq . [30]): is the set of solutions in Q which are
not —e-dominated by another solution in Q:

Poe:={x€ QI € Q:x <_cx}

The sets defined Py and Pg. usually contain a great, or even infinite, number of
solutions. Optimization algorithms try to characterize these sets using a discrete approx-
imation P} and P*/E. In general, if such an approach has a limited set of solutions, the
computational cost falls. However, the number of solutions must be sufficient to obtain a
good characterization of these sets.

To compare the archiving strategies, it is useful to use a metric. Different metrics are
used in the literature to measure the convergence of the outcome set. An example of these
is the Hausdorff distance (dpy [33-35] see Equation (3)).
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dy (A, B) : = max(dist(A, B),dist(B, A))
dist(A, B) : = sup dist(u, B)
UEA 3

dist(u,B) : = ing [|u — ]
ve

This metric is a measure of the distance between two sets. Therefore, d can be used
to measure convergence between the outcome set (or final archive) f(A) to the target set
f(H) of a given MOOP (or archiving strategy). However, dy only penalizes the largest
outlier of the candidate set. Thus, a high value of di(A, H) can indicate both that A is
a bad approximation of H and that A is a good approximation but contains at least one
outlier. The dy is used by the archiver ArchivelpdatePg ¢ Dxy.

To avoid this problem, a new indicator appears in the literature: the averaged Haus-
dorff distance A, (the standard Hausdorff distance is recoverable from A, by taking the
limit limy e Ap = dpg). This metric (with 1 < p < o0) assigns a lower value to sets uni-
formly distributed throughout its domain. A, is based on the known generational distance
metrics (GD [36] and represents how “far” f(H) is from f(A)), and inverted generational
distance (IGD [37] represents how “far” f(A) is from f(H)). However, these metrics are
slightly modified in A, (GD), and IGD),, see Equation (5)). This modification means that
the larger archive sizes and finer discretizations of the target set do not automatically lead
to better approximations under A, [34]. A, measures the diversity and convergence in the
decision and objective spaces. In this work we use A, with p = 2 (as in [18,38]) so that the
influence of outliers is low.

Ap(X,Y) := max(GDy(X,Y), IGDp(X,Y)) (@)
where
1 Ix 1/p
GD, = | — Y dist(x;, Y)?
nx i3 5
1 ny 1/p ()
IGD, = | — Y _ dist(y;, X)"
y i3
where
dist(u, A) := inf -
ist(u, A) = inf ||u—o| (6)

To use A, it is necessary to define the target set H with which to compare the final
archive A obtained by the archivers. The target set is defined in the decision space (H) and
it has its representation in the objective space (f (H)). The definition of H is possible on the
benchmarks used in this work (where the global and local optimum are known), but this
definition is not trivial. Archive_nevMOGA and ArchiveUpdatePQrngy archivers discard
solutions similar in both spaces at the same time. However, Archive- _nevMOGA, unlike
Archivel pdatePg ¢ Dyy, discards dominated solutions in their neighborhood. targetSelect
looks for diversity in both spaces simultaneously. On the one hand, defining H as the
optimal and nearly optimal solutions that are not similar in both spaces at the same
time, would give the archive ArchivelpdatePg Dy, an advantage. If H is defined as
the set of optimal and nearly optimal solutions non-dominated in their neighborhood,
Archive_nevMOGA would be benefited. However, the archivers have a common goal: to
obtain the solutions close to the optimals in the objective space but significantly different in
the decision space (potentially useful solutions). Consequently, to be as “fair” as possible
we must define H as the set that defines the common objective. Thus, the potentially useful
solutions can be represented by the local Pareto set (see Definition 6).

5
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Definition 6. (Local Pareto set [5,39]): is the set of solutions in Q that is non-dominated by any
another neighbor solution in Q (where n is a small positive number):

Hi={xcQfyecQ: ||x—y||lo <nandy < x}

Figure 2 shows an example of a MOOP with two design objectives and two decision
variables. Sets SET; and SET, form the global Pareto set. Both sets, together with SET3
and SET, form the local Pareto set (since the global Pareto set is also a local Pareto set).
No solution of a local Pareto set is dominated by a neighboring solution. Furthermore, all
the solutions neighboring the local Pareto set are dominated by a neighboring solution,
and therefore they are not part of this set. This can be verified by the colored areas around
the sets SET;, SET,, SET; and SETy. For example, solutions in the gray area, which are
neighboring solutions to SET3, obtain a worse objective value than SET3. For this reason,
the solutions of the gray area are dominated by neighboring solutions, and therefore are
not part of the local Pareto set. Sets SET3 and SET; provide the DM with alternatives
potentially useful (significantly different to SET; and SET,), enabling the DM to make a
more informed final decision. For this work, the e—dominated solutions (solutions that
are not in the set Pg ) will not be considered to be local Pareto solutions (H) because their
degradation in performance is significant for the DM.

\ / SET2
¥
< fISET ) P
/ SET, —
% f(SET) o ST,
HSET) /
\
‘ SET 4/»\
JSET )7 \ H := SET, USET, USET, U SET,

e X,

Figure 2. Visualization of an MOOP in the objective space (on the left) and decision space (on the right). The sets SET; and
SET; are the optimal solutions. Both sets and SET3 and SET; form the local Pareto set.

4. Description of the Compared Archivers

As already discussed above, nearly optimal solutions can be very useful. However,
it is necessary to discretize this set in order to find a reduced set of solutions to avoid the
problems associated with an excessive number of solutions. Furthermore, it is necessary not
to neglect the potentially useful nearly optimal solutions, i.e., nearly optimal alternatives
significantly different (in the decision space) to the optimal solutions. To achieve both
purposes, it is essential to discretize the set of solutions taking into account the decision
and objective spaces at the same time. In this section, three archivers that discretize the set
Pg ¢ in both spaces are described.

There are MMEAs and algorithms that consider nearly optimal solutions that of-
fer these solutions: Pg-NSGA-II [28], Pg .-MOEA [30], nevMOGA [29], NeSGA [18],
DIOP [10], 4D-Miner [40,41], MNCA [42].

Pg -NSGA-II [28] was one of the first algorithms aimed at finding approximate (nearly
optimal) solutions. Pg-NSGA-II uses the same classification strategy as the algorithm
on which it is based, NSGA-II [43], and therefore, the highest pressure of the population
is taken toward the Pareto set. Thus, this may result in the neighborhoods with only
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nearly optimal solutions not being adequately explored [30]. To avoid this problem, the
algorithm Pg -MOEA [30] is created. This algorithm was designed to avoid Pareto set bias.
Nevertheless, Pg .-MOEA does not take into account the location of solutions in the decision
space. Pg .-MOEA does not then guarantee that the potentially useful alternatives will
not be discarded. To overcome this problem, the nevMOGA [29] algorithm was designed.
This algorithm seeks to ensure that the potentially useful alternatives are not discarded.
DIOP [10] is a set-based algorithm that can maintain dominated solutions. This algorithm
simultaneously evolves two populations A and T. Population A approaches the Pareto
front, and is not provided to the DM, while T is the target population that seeks to maximize
diversity in the decision and objective spaces. MNCA [42] is an evolutive algorithm that
simultaneously evolves multiple subpopulations. In MNCA each subpopulation converges
to a different set of non-dominated solutions. Finally, 4D-Miner [40,41] is an algorithm
especially designed for functional brain imaging problems.

One of the crucial points in an evolutionary multi-objective optimization algo-
rithm is the archiving strategy. The Py .-NSGA-IT and Pg .-MOEA algorithms share the
ArchivelpdatePg ¢ archiver. This archiver seeks to characterize all nearly optimal solu-
tions without taking into account the decision space. In [19], different archiving strate-
gies are compared: ArchivelpdatePge, ArchivelpdatePg Dy, ArchivelpdatePg Dy
and ArchivelpdatePg Dxy. On the one hand, ArchivelpdatePg . gets an excessive num-
ber of solutions. On the other hand, ArchivelpdatePg Dy, ArchivelpdatePg Dy do not
discretize the decision and objective spaces simultaneously. Therefore, these archivers
do not achieve the two purposes discussed above. The mentioned work concludes that
archiver ArchivelpdatePg ¢ Dyy is most practical use within stochastic search algorithms.
Furthermore, this archiver is the only one of the archivers compared in this paper that
discretizes the decision and objective spaces simultaneously [27], a factor that we consider
necessary to obtain potentially useful solutions. The archiver ArchivelpdatePg Dyy has
been employed in the recent NeSGA algorithm to maintain a well-distributed represen-
tation in the decision and objective spaces. For this reason, the present work compares
the archiver ArchivelpdatePq Dy and not ArchivelpdatePq ., ArchivelpdatePg Dy and
Archivel pdatePg Dy

The second archiver included in this comparison is the archiver of the nevMOGA algo-
rithm (Archive_nevMOGA). This archiver characterizes the set of potentially useful solutions
by discretizing both spaces simultaneously. Finally, the archiver of the DIOP algorithm
(targetSelect) is also compared in this work. targetSelect seeks to find the population that max-
imizes an indicator that measures diversity in the decision and objective spaces simultaneously.
Therefore, a metric-based archiver targetSelect is compared to the distance-based archivers
Archivel pdatePg . Dyy and Archive_nevMOGA. The three archivers compared in this work
seek to characterize the potentially useful solutions. The archiver of the MNCA algorithm
has not been included in the comparison because it looks for non-dominated solutions. The
archiver of the 4D-Miner algorithm has also not been included in the comparison because
4D-Miner is a very specific algorithm for functional brain imaging problems.

4.1. ArchivelpdatePg ¢Dyy

Archivel pdatePg ¢ Dyy is the proposed archiving strategy in [19] (see Algorithm 1). As
already mentioned, potentially useful solutions are those that obtain similar performance
(in the design objectives) but differ significantly in their parameters (in the decision space).
This archiver aims to maintain these solutions. This archiver uses, in addition to the
parameter e (maximum degradation acceptable to the DM, see Definition 4), the parameters
Ay and Ay. Two solutions are considered similar if their distance in the decision space is
less than A,. Therefore, the parameter A, is the maximum distance, in the decision space,
between two similar solutions. Two alternative solutions obtain a similar performance
if their distance in the objective space is less than A,. Therefore, the parameter A, is the
maximum distance between two solutions to be considered similar in the objectives space.
Both parameters are measured using the Hausdorff distance [34] (dy, see Equation (3)). The
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archive A stores the set of obtained alternatives. A new solution p from P (new candidate
solutions) will only be incorporated in A if: (1) p is a nearly optimal solution; and (2) A
does not contain any solution similar to p, in the decision and objective spaces at the same
time. If the new solution p is stored in archive A, the new set of optimal and nearly optimal
solutions (A) belonging to archive A is calculated. Thus, a solution a € A will be removed
if: (1) it is not a nearly optimal solution (p < (etay) a); and (2) the distance to the set A

fulfills the condition dist(a, A) > 2A,.

Algorithm 1 A := ArchivelpdatePgDyy(P, Ao, €, Ay, Ay)

Require: population P, archive Ag, € € R, Ay € Ry, Ay e Ry
Ensure: updated archive A
1. A:=Ap
2: forall p € P do
3 . if (Jag € Ay <_e p) and (a2 : (du(f(a2), f(p)) < By and dy(az, p) < Ax))
then

4 A+ AU{p}

5: A= {al S A|$|El2 cEA:a —<*(€+Ay) al}

6: foralla e A\ Ado

7: ifp < (cra,) aand dist(a, A) > 2A, then
8 A— A\ {a)

9: end if

10: end for

11: end if

12: end for

The archiver ArchivelpdatePg Dy, goes through all the set of candidate solutions
p € P, and in the worst case, the algorithm compares them with all the solutions a € A.
Thus, the complexity of the archiver is O(|P||A|) [44]. Also, ArchivelpdatePg Dy has a
maximum number of solutions |A(Dyy)| [19] which is given by:

|A(Dxy)| < |A(D})I|A(D3y)] @)

where [A(D7, )| is the maximum number of neighborhoods that the decision space can

contain (based on Ay) and \A(Dzy)| is the maximum number of solutions that can exist in
each neighborhood (based on A, and €), and are defined as:

k k
a5 < T1( 5 +1) 1165 -x) ®
i=1 \Bx j=1 -
1 m—1 m ; m
o< () L(a+) 100 =m+.) ©)
i#]

xj and X; are the bounds in the decision space (Pg,e+2a, is included in [x1, X7]...[xk, X%]) and

M; and m; are the bounds in the objective space of the set to discretize f(Pg2a,)- Also, it
is assumed that any €; is greater than A,.

4.2. Archive_nevMOGA

Archive_nevMOGA is the archiving strategy used by the nevMOGA evolutionary
algorithm [29]. This archiver, just as ArchivelpdatePg¢Dyy, aims to guarantee solu-
tions that obtain similar performance to the optimals, but are significantly different in
the decision space. The archiver Archive_nevMOGA uses the same three parameters as
Archivel pdatePg Dyy (€, Ay, Ay). However, there are differences in the definition of some
parameters in this archiver with respect to ArchivellpdatePg Dyy: (1) Ay is a vector that

8
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contains the maximum distances (in the decision space) between similar solutions for each
dimension. Thus, two individuals a and b are similar if: |a; — b;| < Ay, Vi € [1,..., k]. (2) Ay
is also a vector that contains the maximum distances (in the objective space) between
solutions with similar performance for each dimension. Thus, two individuals 2 and b
have a similar performance if: | f;(a) — f;j(b)| < Ay, Vi € [1,...,m].

The archiver Archive_nevMOGA will add a new candidate solution p to the archive
A if the following conditions are met simultaneously: (1) p is a nearly optimal solution;
(2) there is no similar solution to p (in the decision space) € A that dominates it; and (3)
there is no similar solution to p in A in both spaces at the same time (if it exists, and p
dominates it, it will be replaced). If a solution p is incorporated in the archive A, it will
remove from A: (1) the similar individuals (in the parameter space) that are dominated by
p and (2) the individuals e —dominated by p.

The complexity of the archiver Archive_nevMOGA is equivalent to the complexity
of ArchivelpdatePq Dy, previously defined (O(|P||A|)). Moreover, Archive_nevMOGA
has a maximum number of solutions |A(nMOGA)| which is given by:

|A(nMOGA)| < |A(nMOGA*)||A(nMOGAY)| (10)

where |A(nMOGA)|* is the maximum number of neighborhoods that the decision space
can contain (based on Ay) and |A(nMOGA)| is the maximum number of solutions that
can exist in each neighborhood (based on A, and €), and are defined as:

k 1 k .
|A(nMOGAY)| < I—KE + 1) H(xj - x)) (11)
= i j=

| A(nMOGAY)| < (12)

n_boXmax
where n_box; = (M; —m;)/ Ay, n_boxmax = max; n_box; and M; and m; are the bounds in
the objective space of the set to discretize f(Pq).

The archive size with respect to the decision space is equivalent for the com-
pared archivers (A(D5,) and A(nMOGA*)). However, there is a difference between
A(Dgy) and A(nMOGAY) (objective space). The archiver Archive_nevMOGA, unlike
Archivel pdatePg Dyy, discards nearly optimal solutions dominated by a similar so-
lution in the decision space. Thus, in the worst case, Archive_nevMOGA will obtain
the best solutions (non-dominated) in each neighborhood. These solutions will have a
maximum number of alternatives depending on A,. However, ArchivelpdatePg ¢ Dy,
in the worst case, will obtain, in each neighborhood, in addition to the best solutions,
additional solutions. These additional solutions are dominated by neighboring solu-
tions, but are considered solutions with different performance (based on A,). As a
result, the archive of Archive_nevMOGA will have fewer solutions than the archive of
ArchiveUpdatePg  Dyy. Therefore, we can deduce that the archiver Archive_nevMOGA
has a lower computational cost than ArchivelpdatePg Dy, because its archive con-
tains fewer solutions (the candidate solutions are compared with a smaller number
of solutions).

4.3. targetSelect

targetSelect is the archiving strategy used by the DIOP evolutionary algorithm [10].
This archiver seeks to obtain a diverse set of solutions (keeping solutions close to the Pareto
set) in the decision and objective spaces. A = targetSelect(F, T, u',€) has as inputs: an
approximation to the Pareto front F, the set of solutions to be analyzed T, the size of the
set target ‘ut, and €. This archiver selects ],tf solutions from set T. The goal is to find the
population A, with size u!, to maximize G(T) (see Equation (13)). G(T) is defined as the
sum of the product between a metric and its respective weight.

G(T) :=wy - Do(T) +wy - Dy(T),|T| = pwithgp(t) < eVte T,wo +wy =1 (13)

9
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where D, and D, are metrics that measure diversity in the objective and decision spaces
respectively, and qr is a distance metric defined as:

gp(x) :=min{e |y € F: x <c y} (14)

D, is an indicator that measures diversity and convergence to the Pareto front, and D,
is an indicator that measures diversity in the decision space. In this work, as in [10], D, and
D; were specified by the hypervolume indicator [45] and the Solow-Polasky diversity
measure [46], respectively. An advantage of the archiver targetSelect is that you can directly
and arbitrarily specify the archive size.

5. Materials and Methods

In this section, the MOOPs, on which the three archivers will be compared, will be
defined. In addition, the methodology for carrying out the comparison is introduced.

5.1. Definition of MOOPs

The archivers will be compared on two benchmarks and a real engineering example.
Benchmarks have a very low computational cost for the objective function. For this reason,
it is inexpensive to obtain a target set (with a very fine discretization in the decision space)
H. This discrete set is necessary for the use of the metric A, (see Section 3). Furthermore,
the definition of this set must be as “fair” as possible. Therefore, for the benchmarks, the
target set H is defined as the local and global Pareto set (see justification in Section 3). This
set is obtained by discretizing the decision space with 10,000,000 solutions in the range
of the parameters. Furthermore, the target set H has its representation in the objective
space. In the real engineering example, obtaining a set H would be computationally very
expensive (or even unaffordable). Therefore, this set is not defined in this MOOP. By
means of these problems it is possible to analyze the behavior of the archivers for different
characteristics in the MOOP: multimodal solutions; local Pareto sets; or discontinuous
Pareto fronts. However, there are other features of MOPs that are not analyzed in this
article (such as MOPs with many objectives and/or decision variables).

5.1.1. Benchmark 1

Benchmark 1 (see Equation (15)) is a test problem called SYM-PART defined in [47]
widely used in the literature [18,20,48-50] for the evaluation of algorithms that characterize
nearly optimal or multimodal solutions. Benchmark 1 has the Pareto set located in a single
neighborhood, and it also has eight local Pareto set that overlap in the objective space
(see Equation (20) and Figure 3). Thus, this benchmark is very useful to observe if the
compared archivers can adequately characterize the nine existing neighborhoods, and
provide all the existing diversity to the DM.

min f(x) = [fi(x) fa(x)] (15)

X

fl(x) = (Xl — tl (C -+ 2(1) + a)Z + (Xz — tzb)z + 5t

? 2 (16)
fa(x) = (x1 — ti(c+2a) —a)* + (x2 — £0)* + 6
where
b= 58”(x1)min([\x1\2—a%c/2w’1
= sgn(xz)min(“fz\#wlw
and

5 — 0 fort;=0andty =0
P70 01 else

10
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subject to:
—20<x; <20
17)
—20 <xp <20
usinga =0.5,b =5and c = 5.
This MOOP contains one global Pareto set:
P0,0 = [—0.5, 0.5] X {0} = PQ (18)
as well as the following eight local Pareto sets:
P,]',l = [—6‘5, —55] X {—5}
pO,fl = [*0.5, 05] X {*5}
P1,,1 = [5.5, 6.5] X {—5}
P,]lo = [—6‘5, —55] X {0}
PLo — 55,65] x {0} Local Pareto set (19)
P11 =[-65-55]x {5}
Poa =[-05,0.5] x {5}
Pl/l = [55, 65] X {5}
Therefore, the target set H is defined as:
H:= PypU Pfl,—l @] PO,fl @] P1,,1 @] Pfl,O @] PI,O @] Pfl,l UPy U P1,1 (20)

£,

Nearly optimal set
Pareto set S5p (== =S =S
Local Pareto set

! 6 0 6
f] x) X

1

Figure 3. Target set H for the benchmark 1 formed by the global (blue) and local (red) Pareto set.

To evaluate the archivers on benchmark 1, the parameters are defined in Table 1.
The parameters €, Ay and A, are defined based on prior knowledge of the problem. The
targetSelect archiver is based on an indicator, and therefore has different parameters from
the rest of the compared archives. For the choice of the parameter y!, based on the size of
the archives obtained by the rest of the archivers, the following values have been analyzed:
ut = {100,75,50}. For the choice of the w, parameter, the following parameters suggested
in [10] have been analyzed: w, = {0,0.7692,0.9091,0.9677,1}. Among all these values,
ut = 100 and w, = 0.9677 have been defined as the parameters that obtain the best
performance, with respect to A, for the uniform dispersion. For random dispersion,
w, = 0.7692 obtain the best performance.

11
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Table 1. Parameters for benchmark 1.

Parameters Value
€ [0.150.15]
ArchivelpdatePg ¢ Dy
Ax 1
Ay 0.2
Archive_nevMOGA
A 1]
Ay (0.20.2]
targetSelect
ut 100
Wy 0.9677 (uniform dispersion)
Wy 0.7692 (random dispersion)

5.1.2. Benchmark 2

The benchmark 2 (see Equation (21)) is an adaptation of the modified Rastrigin bench-
mark [51-54]. Figure 4 show the global and local Pareto set H of benchmark 2. This
benchmark has a discontinuous Pareto front made up of solutions in different neighbor-
hoods. In addition, it also provides nearly optimal solutions significantly different from
the optimal solutions (in different neighborhoods).

min f(x) = [fi(x) f2(x)] @

filx) = —(i 10 +9cos (27 - k; - x;)) (1 — \/(x1 —0.65)2 + (x — 0.5)2)
i=1

fo(x) = min((x; —0.65) + (xo — 0.5), (x1 — 0.65) + (x2 — 0.25), (x1— (22)
0.65) + (x2 — 0.75), (x1 — 035) + (x5 — 0.5), (x1 — 035) + (x5 — 0.75),
(x1 — 0.35) + (Xz - 0.25))

where k; = 2 and k; = 3, and subject to:

<x <4
(23)
<4
' ! ! 0.6
02 Nearly optimal set ‘
Redl) * Pareto set 1
\
L « Local Pareto set || -~ P
\ 0.4
20.6 i
o~
\ 4 0=
-1 \ ] 0.2
14 \ i
‘ ‘ ‘ 0" - ‘ s |
-40 -20 0 0 0.25 0.5 0.75
e X,

Figure 4. Target set H for the benchmark 2 formed by the global (blue) and local (red) Pareto set.
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To analyze the archivers on the benchmark 2, we define the parameters of Table 2. The
parameters €, Ay and Ay are defined based on prior knowledge of the problem. Following
the same procedure as the previous benchmark, pf = 150 (in this case u' = {200, 150,100}
has been analyzed) and w, = 0.9677 is defined as the parameters that obtains the best
performance, with respect to A, for the uniform dispersion. For random dispersion,
w, = 0.9091 obtains the best performance.

Table 2. Parameters for benchmark 2.

Parameters Value
€ [250.15]
ArchivelpdatePg ¢ Dy
Ay 0.15
Ay 0.25
Archive_nevMOGA
Ax [0.150.15]
Ay [0.25 0.25]
targetSelect

ut 150

wo 0.9677 (uniform dispersion)
wo 0.9091 (random dispersion)

5.1.3. Identification of a Thermal System

Finally, a MOOP is defined to solve a real engineering problem: identification of a
thermal system. In this problem, the energy contribution inside the process is due to the
power dissipated by the resistance inside it (see Figure 5). Air circulation inside the process
is produced by a fan, which constantly introduces air from outside. The actuator is made
up of a voltage source which is controlled by voltage. The actuator input range is [0 100]
% ([0 7.5] V). Two thermocouples are used to measure the resistance temperature and the
air temperature in the range [—50 250] °C. Figure 6 shows the signals that will be used in
the identification process. The ambient temperature T, is considered constant and equal to
17 °C for the entire identification test.

Input
Volgage Resistance
v (V) Resistance Temperature
» Actuator — x> (C)
< Temperature
Measured sensor | 5 Room
Resistance Temperature
Temperature T, ¢C)
T (°C) a

Figure 5. Block diagram of the thermal system.

Taking into account the physical laws of thermodynamics [55], the initial structure of
the model can be defined using the following differential equations, where heat losses due
to convection and conduction are modeled, as well as losses due to radiation:

13
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4
T(6) = jo5 <x1v<t)2 — () = ) = s (5T ) ) (9

where T(t) is the process output temperature and state variable in °C, v(t) is the input
voltage to the process in volts, T,(t) is the ambient temperature in °C and x = [x1 x; x3]
are the parameters of the model to estimate.

The MOQP is defined as follows:

min f(x) = [fi(x) f2(x)] (25)
subject to:
x<x<X
where: e
fi= 1T =Tt 26)
fo= max |T;—T| 7)

T = 2500 is the duration of the identification test, variables with circumflex accent are
process outputs (experimental data), variables without circumflex accent are the model
outputs, x the parameter vector:

X = [.X] X2 X3] (28)

and x and ¥ (see Table 3) the lower and upper limits of the parameter vector x which define
the decision space Q.

0 500 1000 1500 2000 2500
Time (s)

Figure 6. Identification test of the thermal system.

Table 3. Lower (x) and upper (%) limits of the parameters x.

Limits 61 53 03
x 0.01 2 0
x 0.15 10 0.8

14
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In this MOOP, the design objectives measure the mean and maximum error between
the temperatures of the process outlet and the model. The parameters to be estimated and
the design objectives have a physical meaning. This fact makes it easier to choose the €, A,
and Ay, (see Table 4). The e parameter (maximum acceptable degradation) is the same for
all archivers. Ay is similar for ArchiveUpdatePQ,ery and Archive_nevMOGA, taking into
account the difference in vector size. However, Ay is different for ArchivelpdatePg Dy
and Archive_nevMOGA. For ArchivelpdatePgeDyy, Ay = 0.1. A lower value increases
significantly higher number of solutions. A higher value gives a poor approximation to the
set of optimal and nearly optimal solutions. For Archive_nevMOGA, A, = [0.0015 0.2 0.1].
In this case, Ay is independent for each dimension in the decision space, being different for
each parameter due to its different limits (see Table 3). For targetSelect, u* = 78 solutions
to obtain the same number of solutions as Archive_nevMOGA. In this way, both archivers
will have equal conditions. Additionally, w, = 0.7692 is defined to give greater weight to
diversity in the decision space.

Table 4. Parameters for identification of thermal system.

Parameters Value
€ [0.25 0.25]
ArchivelpdatePg Dy
Ax 0.1
Ay 0.025
Archive_nevMOGA
Ay [0.0015 0.2 0.1]
Ay [0.025 0.025]
targetSelect
ut 78
Wo 0.7692

5.2. Archivers Comparison Procedure

The procedure performed to carry out the archiver comparison is different on the
benchmarks and on the real example. Benchmarks have a very low computational cost for
the objective function. Therefore, it is possible to evaluate large populations that discretize
the entire search space. These populations are entered in the archiver as input population.
To analyze the behavior of the archivers on different types of populations, a uniform and
random distribution is used to obtain these initial populations.

Because the computational cost of the objective functions of the engineering problem
are significantly higher, it is not feasible to test each archiver with random or exhaustive
searches as has been done with the benchmarks. Thus, the archiver has been embedded in a
basic evolutionary algorithm. In addition to the reduction of computational cost, this enables
observing the impact of each archiver when incorporated into an evolutionary mechanism.

5.2.1. Benchmarks

For the comparison of the archivers on the two benchmarks presented, the archivers
will be fed in two ways: (1) by a uniform distribution; (2) by a random distribution
of solutions in the search space. The comparison of the results will be made using the
averaged Hausdorff distance A, [34] (see Equation (4)). This metric measures the averaged
Hausdorff distance between the outcome set (or final archive) f(A) and the target set f(H)
(local Pareto set in this paper) of a given MOOP. Since A, considers the averaged distances
between the entries of f(A) and f(H), this indicator is very insensitive to outliers. This
metric measures the diversity and convergence towards the target set. Furthermore, this
metric can be applied both in the decision and objective space.
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To carry out the comparison of the archiving strategies with data of a uniform disper-
sion, each archiver is fed with a file of 100,000 solutions uniformly distributed throughout
the domain Q (generating a hypergrid). These solutions are introduced in a random or-
der. This process is repeated with 25 different files, where each file slightly displaces the
generated hypergrid vertically and/or horizontally on the search space.

To carry out the analysis with data of a random dispersion, each archiver is fed with a
file of 100,000 solutions randomly distributed throughout the domain Q. This process is
repeated with 25 different files, avoiding as far as possible the random component.

5.2.2. Identification of Thermal System

In this example, we are going to analyze the different archivers on a multi-objective
generic optimization algorithm [23,34] (see Algorithm 2). This algorithm generates the
initial population randomly with Nindp, individuals, obtaining the initial archive Ap
(through the archiver). Subsequently, in each iteration, new solutions are generated and
the archive A; is updated (using the selected archiver). The Generate() function generates
new individuals in each iteration. To do this, two solutions are randomly selected from
the current file A;_;. A random number u € [0 1] is generated. If u > Pcm (probability of
crossing/mutation) a crossing is made. The crossover generates two new solutions using
the simulated binary crossover (SBX [56]) technique. If u < Pcm a mutation is performed.
The mutation generates two solutions through the polynomial mutation [43]. In this way,
the three archivers are compared using the same evolutionary strategy. For this example,
an initial population of 500 individuals (Nindp, = 500), a probability of crossing/mutation
of 0.2 (Pcm = 0.2), and 5000 generations are used. Therefore, 10,500 solutions are evaluated
(500 + 2 x 5000) for each archiver.

Algorithm 2 Generic multi-objective optimization algorithm

1: Py CQ > Random selection
2: Ag := Archiver(Py, D)

3: for t := 1:Number of iterations do

4: Dy := Generate(A;—1)

5: Ay = Archiver(P;, Aj—1)

6: end for

6. Results and Discussion

This section shows the results obtained on the two benchmarks and the real example
previously introduced.

6.1. Benchmark 1 with Uniform Dispersion

The archivers are tested on 25 different input populations obtained by uniform dis-
persion. Figure 7 shows the median results of archive A on the benchmark 1 for both
decision and objective spaces with respect to A, (A, H) in decision space. As can be seen,
the archivers make a good approximation to the target set H, characterizing the nine neigh-
borhoods that compose it. However, there are differences between the sets found by the
archivers. First, the Archive_nevMOGA archiver obtains fewer solutions. The number of
solutions y! = 100 for the targetSelect is user-defined, but a smaller size makes A, worse
for both spaces. The archive A obtained by Archivell pdatePg Dy, obtains a larger number
of solutions.

The targetSelect archiver obtains a better approximation to the Pareto front than the other
archivers. This is because the weight w, has a high value, giving greater weight to the D,, indica-
tor that measures convergence and diversity for the Pareto front. The ArchivelpdatePg ¢ Dxy
and Archive_nevMOGA archivers do not select a candidate solution p (even if p belongs to the
Pareto set) if an alternative already exists in the current archive that is similar in both spaces (in
Archive_nevMOGA, p is selected if it dominates the similar solution). These archivers could
obtain a better approximation to the Pareto front by reducing the parameter A, (parameter
with which the degree of similarity in the objective space is decided), but it probably also
implies obtaining a greater number of solutions.
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Regarding the local Pareto set, the archive Archive_nevMOGA obtains a better ap-
proximation in the comparison. ArchivelpdatePgeDsyy and targetSelect obtain solutions
in all neighborhoods where nearly optimal solutions exist. However, these solutions are
rarely located on the lines that define the local Pareto set.

Notice that Archivel pdatePg Dy, and Archive_nevMOGA archivers obtain e — domi-
nated solutions. In ArchivelpdatePg ¢ Dyy, it is possible that a solution in A that is no longer
nearly optimal due to the apparition of a new candidate solution p. p may not be removed
because it does not satisfy condition in the line 7 of Algorithm 1. In Archive_nevMOGA, a
new candidate solution p can be added to the archive A through the condition of line 8 of
Algorithm 3. In some cases, solutions that are not nearly optimal due to the appearance of
p (by line 8 of Algorithm 3) are not eliminated. Therefore, the archive A obtained by both
archivers may contain solutions that do not belong to the nearly optimal set.
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Figure 7. Median result of archive A obtained by ArchivelpdatePg Dy, Archive_nevMOGA and targetSelect with a
uniform dispersion on benchmark 1.
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Figure 8 shows the boxplot of the indicators A, (f(A), f(H)), Ap(A, H) and archive
size for the 25 tests performed. Archive_nevMOGA achieves a better approximation in
the decision and objective spaces, and obtains fewer solutions. targetSelect also obtains
a better approximation in both spaces with fewer solutions than ArchivelpdatePg ¢ Dyy.
Archivel pdatePg Dy, obtains greater variability among the 25 archives obtained. There-
fore, Archive_nevMOGA has achieved, in a better way, the two main objectives: not
neglecting the diversity of solutions (locates all nine neighborhoods) and obtains a reduced
number of solutions (simplifying the optimization and decision stages).

Algorithm 3 A := Archive_nevMOGA(P, Ay, €, Ay, Ay)

Require: population P, archive Ay, € € R, Ay € R’jr, Ay e RY
Ensure: updated archive A
1. A:=Ap
2: forall p € P do
3 if (fay € A:ag <ep)and (Pax € A : Jay — p| < Ayand ap < p) and (Fas :
las — p| < Ay and |f(a3) — f(p)| < Ay) then

4: A+ AUp
5: ifJag € Atp<_cagor|ag—p| < Ayand p < a4 then
6: A+ A\ay
7: end if
8: else if Jas : |a5 — p| < Ay and |f(as) — f(p)| < Ayand p < a5 then
9: as:=p
10: end if
11: end for
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Figure 8. Boxplot of A, (A, H) (decision space), A, (f(A), f(H)) (objective space) and archive size with a uniform dispersion

on the benchmark 1.

6.2. Benchmark 1 with Random Dispersion

The archivers are tested on 25 different input populations obtained by random dispersion.
Figure 9 shows the archive A, with median result for A, (A, H). The archivers characterize the
nine neighborhoods that form the target set H. The archive A obtained by Archive_nevMOGA
has a smaller number of solutions. Decreasing the number of solutions ! < 100 for the
archive targetSelect makes A, worse in both spaces. Comparing Figures 7 and 9, targetSelect
in random dispersion produces a worse approximation of the Pareto front than in uniform
search. This is for two reasons: (1) the lower value of the weight w, = 0.7692 (lower weight
of the metric D,,, which measures convergence in Pareto front); (2) the initial population has
been obtained in a random way (meaning certain areas have not been adequately explored).
Figure 10 shows the boxplot, of the 25 archives obtained in the tests. Archive_nevMOGA
obtains better results in both spaces, also obtaining a smaller number of solutions. On the
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benchmark 1, the approximations obtained by the archivers in a random dispersion are slightly
worse than in a uniform dispersion.
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Figure 9. Median result of Archive A obtained by ArchivelpdatePg¢Dyy, Archive_nevMOGA and targetSelect with a
random dispersion on benchmark 1.
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6.3. Benchmark 2 with Uniform Dispersion

The archive A, with the median result (in the decision space), for each archiver is
shown in Figure 11. The archivers locate the neighborhoods where nearly optimal solutions
are found. The archive of Archive_nevMOGA again obtains fewer solutions. Keep in mind
that decreasing u! = 150 for targetSelect causes a considerable increase in the variability of
the results obtained A, (A, H) for the 25 tests. targetSelect obtains a better approximation
to the Pareto front due to the high value of the weight w,. However, Archive_nevMOGA
obtains solutions closer to the local Pareto set. This is because targetSelect seeks to achieve
the greatest diversity in the decision space (through D;) without taking into account
whether these solutions are worse than a close solution (if they are not optimal).

Figure 12 shows the boxplot, of the 25 archives obtained for the archivers, for the indi-
cator A in the decision and objective spaces and the archive size. Regarding the decision
space, Archive_nevMOGA obtains a better approximation to the target set than its competi-
tors. Regarding the objective space, Archive_nevMOGA and targetSelect obtain a similar
minimum value. However, targetSelect obtains worse variability. Therefore, as occurred
with benchmark 1, the archiver Archive_nevMOGA achieves a better approximation in
both spaces and obtains a smaller number of solutions.

Ap Decision Space Ap Objective Space Archive Size
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Figure 10. Boxplot of A, (A, H) (decision space), A, (f(A), f(H)) (objective space) and archive size with a random dispersion

on the benchmark 1.

6.4. Benchmark 2 with Random Dispersion

Figure 13 shows the archive A, which obtains a median result for A,(A, H) for the
archivers. Again, the archiver Archive_nevMOGA obtains significantly fewer solutions
while also obtaining a better characterization of the target set H. Figure 14 shows the
boxplot of the archivers. The archiver Archive_nevMOGA obtains a better value of A,
in both spaces. Regarding the objective space, targetSelect obtains results similar to
Archive_nevMOGA but worse variability. The archiver Archive_nevMOGA obtains fewer
solutions, which simplifies the optimization and decision stages. Using the random search,
ArchivelpdatePg Dy, and Archive_nevMOGA perform slightly worse than the uniform
search. targetSelect obtains slightly better results than the uniform search.
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Figure 11. Median result of archive A obtained by ArchivelpdatePgDxy, Archive_nevMOGA and targetSelect with a
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Figure 12. Boxplot of A, (A, H) (decision space), Ap(f(A), f(H)) (objective space) and archive size with a uniform dispersion

on the benchmark 2.

6.5. Identification of a Thermal System

Figure 15 shows the final archive A obtained when using the three archivers inside
a compared basic optimization algorithm. In this example, the obtained archives are
compared by pairs to better observe the differences between them.

The three archivers obtain diversity in the decision space, and convergence in the
Pareto front. The first thing that stands out is the large number of solutions (610 solutions)
obtained by the archive ArchivelpdatePq ¢ Dyy. This high number of solutions complicates
the optimization and decision phases. For each iteration, the newly generated solutions
must be compared with the solutions in the current file A(t). Therefore, many solutions in
the file A(t) implies a higher computational cost. In addition, a high number of solutions
makes the final decision of the DM more difficult. This large number of solutions can be
reduced by increasing the parameters Ay and A,. However, this increase also implies a
worse discretization in both spaces. ArchivellpdatePg ¢ Dy obtains a worse approximation
to the Pareto front.

The results show more similarities with respect to the other two archivers. Archiver
Archive_nevMOGA obtains 78 solutions. To compare under similar conditions, we set the
size of the file obtained by targetSelect to 78 solutions (u' = 78). In this way, both archivers
obtain the same number of solutions. The set of solutions found by both archivers are
different. With respect to the Pareto front, both archivers achieve a good approximation
in the range f1(x) = [0.3 0.8]. However, Archive_nevMOGA does not get solutions in the
range f1(x) = [0.8 0.9] of the Pareto front. Therefore, in this example, targetselect gets a
little more diversity in the Pareto front.

targetSelect focuses on obtaining, in addition to a good convergence in the Pareto
front, the greatest diversity in the decision space (using Dy, see Section 4.3). However,
solutions that provide greater diversity may be worse than neighboring solutions. For
example, Figure 15 shows the solution x! obtained by Archive_nevMOGA. This solution
has similar parameters to the neighborhood; solutions (see decision space). x! performs
better (f(x!)) than all the neighborhood; solutions obtained by targetSelect. Therefore,
Archive_nevMOGA would eliminate all these solutions (dominated in its neighborhood
by x%). targetSelect maintains them because they increase the diversity in the decision
space. This happens repeatedly in this MOOP. For this reason, targetSelect obtains nearly
optimal solutions farther from the Pareto front than obtained by Archive_nevMOGA. These
solutions are in the contour/ends of the plane that form the optimal and nearly optimal
solutions in the decision space, and therefore, they obtain a better diversity under the D,
indicator. Archive_nevMOGA could find solutions closer to the contour/ends of the plane
formed in the decision space (as is the case with targetSelect) by reducing the parameter Ay,
although this would imply obtaining a larger number of solutions. Therefore, depending
on the needs or preferences of the DM, the use of one archiver or another may be more
appropriate. This archiver can be embedded in most of the multi-objective algorithms avail-
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able. ArchivelpdatePq ¢Dxy, Archive_nevMOGA and targetSelect archivers are currently
built into the algorithms NeSGA, nevMOGA and DIOP respectively.
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Figure 13. Median result of Archive A obtained by ArchivelpdatePq ¢Dxy, Archive_nevMOGA and targetSelect with a
random dispersion on benchmark 2.
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7. Conclusions

In this paper, the characterization of nearly optimal solutions potentially useful in
a MOOP has been addressed. In this type of problem, in practice, the DM may wish to
obtain nearly optimal solutions, since they can play a relevant role in the decision-making
stage. However, an adequate approximation to this set is necessary to avoid an excessive
number of alternatives that could hinder the optimization and decision-making stages. Not
all nearly optimal solutions provide the same useful information to the DM. To reduce the
number of solutions to be analyzed, we consider potentially useful solutions (in addition to
the optimals) that are close to the optimals in objective space—but which differ significantly
in the decision space. To adequately characterize this set, it is necessary to discretize the
nearly optimal solutions by analyzing the decision and objective spaces simultaneously.

This article compares different archiving strategies that perform this task: Archive-
UpdatePg e Dyy, Archive_nevMOGA and targetSelect. The main objective of the archivers
is to obtain potentially useful solutions. This analysis is of great help to designers
of evolutionary algorithms who wish to obtain such solutions. In this way, design-
ers will have more information to choose their archivers based on their preferences.
ArchiveUpdatePQ/ery and Archive_nevMOGA are two distance-based archivers. Both
archivers simultaneously discard solutions that are similar in decision and objective spaces.
However, Archive_nevMOGA, in contrast to ArchivelpdatePg Dyy, discards solutions
dominated by a neighboring solution in the decision space. targetSelect is an archive based
on an indicator that measures the diversity in both spaces simultaneously. targetSelect,
unlike the other archivers, can directly and arbitrarily specify the archive size. This can
be an advantage. The archivers are evaluated using two benchmarks. They obtain a good
approximation to the set of potentially useful solutions, characterizing the diversity exist-
ing in the set of nearly optimal solutions. As discussed in [19], the ArchivelpdatePg Dy
archiver is more practical than other archivers in the literature. However, this archiver, as
demonstrated in this paper, obtains significantly more solutions than its competitors in
this paper. This can make the optimization and decision phase more difficult. In addition,
Archive_nevMOG A obtains a better approximation to the target set H under the averaged
Hausdorff distance Aj. In addition, Archive_nevMOGA obtains a smaller number of solu-
tions, which speeds up the optimization process and facilitates the decision-making stage.
However, fewer solutions can also decrease diversity (which can lead to degraded global
search capabilities).

Finally, the compared archivers are analyzed on a real engineering example. This
real example is the identification of a thermal system. To carry out this analysis, a generic
multi-objective optimization algorithm is used, in which it is possible to select different
archivers. This enables a more realistic comparison of the impact of the archivers on the
entire optimization process.

The three archivers obtain the existing diversity in the set of optimal and nearly optimal
solutions. In this last example, we can see how the archive obtained by ArchivelpdatePg Dy
obtains a very high number of solutions, complicating the optimization and decision stages.
Archive_nevMOGA and targetSelect obtain the same number of solutions. Both archivers
obtain an adequate Pareto front. However, targetSelect gets more diversity on the Pareto front.
The main difference between the two archivers is in the set of nearly optimal solutions. On the
one hand, Archive_nevMOGA obtains solutions closer to the Pareto front, but significantly
different in the decision space. On the other hand, targetSelect obtains the solutions that
provide the greatest diversity in the decision space, even though these solutions are farther
away from the Pareto front, and therefore, offer significantly worse performance.

Finally, this analysis suggests two possible future lines of research: (1) design of new
evolutionary algorithms, which characterize the nearly optimal solutions, using some of the
archivers compared in this work and (2) design of new archivers that improve the current ones.
For example, the clustering techniques could improve the archivers compared in this work.
These techniques, not analyzed in this work, allow the location of new neighborhoods, allowing
their exploration and evaluation. In this way, the optimization process could be improved.
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Abstract: Including designer preferences in every phase of the resolution of a multi-objective opti-
mization problem is a fundamental issue to achieve a good quality in the final solution. To consider
preferences, the proposal of this paper is based on the definition of what we call a preference basis
that shows the preferred optimization directions in the objective space. Associated to this preference
basis a new basis in the objective space—dominance basis—is computed. With this new basis the
meaning of dominance is reinterpreted to include the designer’s preferences. In this paper, we show
the effect of changing the geometric properties of the underlying structure of the Euclidean objective
space by including preferences. This way of incorporating preferences is very simple and can be
used in two ways: by redefining the optimization problem and/or in the decision-making phase. The
approach can be used with any multi-objective optimization algorithm. An advantage of including
preferences in the optimization process is that the solutions obtained are focused on the region of
interest to the designer and the number of solutions is reduced, which facilitates the interpretation
and analysis of the results. The article shows an example of the use of the preference basis and
its associated dominance basis in the reformulation of the optimization problem, as well as in the
decision-making phase.

Keywords: multi-objective decision-making; Pareto front; multi-objective optimization; preference
in multi-objective optimization

1. Introduction

In a design problem posed as a multi-objective optimization, there is not a single
solution. Therefore, the designer—decision maker (DM in what follows)—must get, from
the set of optimal solutions—Pareto set—, a suitable solution adjusted to a given set of
preferences. It is accepted that the preferences of the designer might play a fundamental
role in the resolution of this type of problems [1-4]. Using preference handling mechanisms
in the optimization process has shown to be a valuable tool when facing multi-objective
optimization problems [5]. These mechanisms also facilitate the decision-making process
at the selection step, because the DM will focus its attention to the pertinent region of the
Pareto front [6]. Nevertheless, this implies that it is necessary to have tools that allow to
take into account the preferences in any of the phases of resolution of a design problem that
is intended to be solved through multi-objective optimization. Thus, preferences of the DM
affect the definition of the objectives, the optimization to reach an approximation to the
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Pareto set, and/or the selection of the final solution. There are already some papers that
explain how to bring some progress in all these steps but most of them are mainly focused
to incorporating preferences in the optimization problem. For example, there are some
works on how to build functions to optimize according preferences [7]. Mechanisms for per-
tinency have also been included in some multi-objective optimization algorithms [2,6,8-10]
in which the preferences guide the approach to the front. Reference [11] proposes a
new angle-based preference selection mechanism to be included in the optimization al-
gorithm. Reference [12] investigates two methods to find simultaneously optimal (in the
objective space) and practically desirable solutions (in the decision space). Reference [13]
incorporates preference information into evolutionary multi-objective optimization in an
interactive way, at each iteration, the decision maker has to include preference information
(as points corresponding to aspiration levels for objectives). Reference [2] introduces a new
preference relation based on a reference point approach that is used into an interactive
optimization scheme that uses a multi-objective evolutionary algorithm (MOEA). Refer-
ence [14] integrates preferences in the optimization process by a nonuniform mapping
of the objective space according to an aspiration level vector, and some other parameters
(number of divisions, expected extend of the region of interest, etc.) supplied by the
DM. A recent work [15] proposes a modification of a decomposition-based multi-objective
evolutionary algorithm to obtain a denser set of solution closer to a reference point.

Most of the works found in the bibliography try to provide new developments appli-
cable in the final decision phase or throughout the optimization via interactive mechanisms.
Another large group of proposals tries to modify the optimization algorithm to incorporate
preferences in the optimization process itself. The proposal described here is based on
modifying the original problem to incorporate preferences without having to modify the
optimization algorithm. That is there is no need to incorporate any additional mechanism
or layer in the algorithm. In this paper, we show a very simple way to incorporate pref-
erences in the objective definition phase. It allows the use of any current optimization
algorithm without special requirements, being compatible with any advance made in the
multi-objective optimization algorithm. Additionally, it is shown how to use this same
methodology in the final decision phase helping in the visualization of the preferred solu-
tions. This is applicable in case of problems in which the Pareto front has been obtained
without taking into account the preferences, and it is necessary to incorporate them in the
final decision stage.

The adaptation of the original problem to include preferences usually also depends
on the problem itself. It involves the adaptation or design of functions to be optimized
that reflect the preferences. A widely used way is to transform the multi-objective problem
into a single-objective problem by means of scalarization [16]. A classic method widely
used is the weighted sum of the objectives where it is necessary to adjust weighting factors
that, in some way, incorporate the preferences of the designer. The idea of this work is
somewhat similar; it consists of modifying the functions to be optimized but maintaining
the multi-objective character, that is, without turning it into a single-objective function.
Technically, we use what we call preference directions, that are introduced by choosing a
special basis for the space of objectives R". Broadly speaking, the elements of such a basis
represent the directions in the space in which the DM feels that the optimization must be
realized. Associated to these preference directions, a new basis, called dominance basis, is
obtained. Their elements are defined as intersection of hyperplanes which are orthogonal
to the preference directions. From the geometrical point of view, the cone generated by the
dominance basis provides a representation of the dominance cone. Thus, the corresponding
change of basis allows a reinterpretation of the classical dominance relationship that is used
for defining the Pareto front, that represents the solution of a multi-objective optimization
problem. The underlying idea is very simple and consists of the fact that the change of
base produces a deformation of the objective space in a way that favors the preferences of
the DM. The definition of these bases is beyond the scope of this paper, and it is problem
dependent: it is assumed that the DM has established such preference directions using his
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own criteria. Nevertheless, for the aim of illustrating this notion, we will shown how to
obtain it in some particular examples.

The paper is organized as follows. Section 2 introduces the main concepts involved
in the proposal. In Section 3, we show how to use preference and dominance bases to
reformulate the multi-objective problem and also to help in the decision-making step.
Section 4 shows an application example, and the last Section 5 summarizes the main
conclusion and future works.

2. Preference Directions and Dominance

The way proposed to introduce preferences in the geometric space is by means of the
space basis of R": B, := {v; : i = 1,...,n} (preference basis). We will call the vectors of such
basis preference directions. Our main idea is that these vectors model the preferred directions
for minimization. In other words, each hyperplane that is orthogonal to a vector in this
basis separates the points of the space into two sets: the points “below” the hyperplane
dominate—with respect to this preference direction—the points “above” the hyperplane.

Thus, associated with B, a new basis B, := {vgi : i =1,...,n} of R" can be defined
by using a geometric procedure that will be explained later on (see Proposition 1). We
will call it the dominance basis. The positive cone C; (dominance cone see Definition 1)
generated by 3,, and also associated with B, allows to reinterpret dominance according
to the new preference directions provided. Recall that the notion of dominance depends on
the lattice order that is considered in the Euclidean space. The usual order in R" is given
by the “coordinates” ordering, when these coordinates correspond to the canonical basis in
the Euclidean n-dimensional space. If we consider the coordinate order with respect to a
different basis of R"—in our case, B;—, we obtain a different dominance relation among
points. Our main contributions in the present paper are: (1) to show how to obtain the
dominance basis from the preference basis; and (2) how to use it in the multi-objective
optimization problem.

Figure 1 shows an example of the reinterpretation of dominance for a 2-objective space.
The figure shows the canonical interpretation of dominance and how the dominance area
changes when a different basis of preference directions is considered. Note that the effect
of considering the dominance defined by the cone generated by B; can be understood
as a deformation of the area that is dominated by a given point. Remark that, if the
canonical base is set as the preference basis, the dominance basis is also the canonical basis
(dominance and preference basis are the same). In the next subsection, we will provide the
equations to obtain the dominance basis B, from the preference directions basis.

Area dominated

by point A Area dominated

by point A

V2=Va1

Direction for Vi=Vaz
minimization

Directions for
minimization with
preferences
Direction for
minimization

Figure 1. Graphical interpretation of canonical dominance and dominance with preferences. Domi-
nated area by point A for different dominance basis (v41, v4,). Dominance with the canonical basis
(figure on the left) and dominance when preferences are included with a basis change (figure on
the right).
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Computation of Dominance Basis B4

Let (R", || - [|2) be the n-dimensional Euclidean space. Consider a basis B := {v; : i =
1,...,n} norm one elements of R” included in the positive cone of R". Each of the elements
of the basis defines what we have called a preference direction for the optimization. The
optimization procedure that we present here proposes to consider the associated dominance
cone as the set of all vectors that are over the hyperplane defined by each vector defining a
preference direction (its projection on this vector must be positive). Therefore, we define
the positive semispace S}, associated with the preference direction v;, i = 1,..., 1, as

S;,rl_ ={veR":0-v; >0}
Consequently, the dominance cone C; can be defined as follows.

Definition 1. Let By := {v; : i = 1,...,n} be a basis of preference directions of R". We define the
dominance cone as the intersection of all the semispaces S+ that is:

n
C; = ﬂSj{ = {veR”:v-viEO,i:l,...,n}.
i=1

The positive cone C; generated by B, allows to reinterpret dominance according to
the new preference directions: if A is a pointin R", A + C; gives the set of all the points
that are dominated by A. In Figure 1, a 2D example is given, where the dark grey area
shows the area dominated by point A, thatis, A + CJ .

Definition 2. Given a set of vectors Z = {z1,...,zn} C R", we define its positive linear hull
as the set

POS(Z) = { iAiZi : )\i > O}

For the subsequent proposals described in Section 3.2, it is necessary to obtain the
dominance basis B, corresponding to the preference basis 3, defined by the DM. A way to
obtain B, is based on the equivalence of C; and Pos(B;) (see Proposition 1). As we already
mentioned, the dominance basis is defined by vectors that are orthogonal to vectors of the
preference basis.

Proposition 1. The dominance cone associated with a basis of preference directions By = {v; :
i=1,..,n} coincides with the positive linear hull Pos(By) of the set of vectors By := {vy; : i =
1,.., n} defined as follows.
Foreveryi =1,..,n,vg € R" is a (norm one) solution of the system

Z)1~Udi:0

Vi1 04 =0
Vi1 -0gi =0

0y 04 =0
which also satisfies that v; - vg; > 0.
Proof. First, note that for each i = 1, ..., n, the linear system defined above always has a
subspace of solutions of dimension 1, because it is made of n — 1 linear equations. So, we

can choose a solution with norm equal to one, and also v; - v;; > 0 (if v; - vy; = 0 for all i,
then vy; = 0, since B), is a basis).
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Let us prove first that C; C Pos(B,). Take an element v € C; . By the definition of
the set of preference directions—they are linearly independent—, we have that the set
{v41, ., V4, } defined as in the statement of the result, is a basis for R". Then, v can be
written as v = Y/’ ; x; v, for real numbers x, ..., x,. We have that

n
0<v -y = invdi'vk = Xk Vg - Uk
i=1
forall k =1,..., n. Since vy - v > 0, we get that x; > 0. This can be done forallk =1, ..., n,
and so we get that Cj C Pos(B,).
Conversely, take an element v € Pos(B;). Then, it can be written as v = Y} ; x; v4;,
where all the coordinates x; are non-negative. Then,

n
VU= ) X Ugi - U = X Vgk - Vg
i=1

But x; > 0and vy - v > 0, and so v - v > 0 for all k. Consequently, v € CT,and so
Pos(By4) C C; .
Therefore, Pos(B;) = C, and the result is proved. [

Based on Proposition 1, it is possible to give an algorithm that computes the vectors of
the corresponding dominance basis B;. An example with MATLAB is shown in Figure 2.

5 Mp=[v
% Md matr
Md=[vdl' v

n=size(Mp,1);
Md=zeros (n,n) ;

for i=l:n

Maux=Mp;

Maux (:,i)=[1;

v=Mp(:,1)"; a

% Building f linear

for ii=l:n o avoid det (A)=0
A=[Maux'; zeros(l,n)];
Alend,ii)=1;
if det (R)~=0

break;

linear equations Av = B for v
vector (opposite direction

% Checking convenient cone (v+vi>0)
if (vauxlsv')>(vaux2sv')
Md(:,i)=vauxl'/norm(vauxl);
else
Md(:,i)=vaux2'/norm(vaux2);
end

Figure 2. MATLAB function based on proposition 1 that computes dominance basis from preference basis.

3. Using Preference Directions in Multi-Objective Optimization Problems
There are two direct uses of the dominance bases:

®  Including preferences in the decision-making step.
e Including preferences by reformulating the optimization problem.

In both cases, the mathematical meaning underlying the concept of “optimization
direction" refers to the definition of preference basis. From this basis, it is possible to obtain
the dominance basis—as described in the previous section—which is the one that redefines
the space of objectives, thus incorporating the preferences.
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3.1. Including Preferences in the Decision Making Step

As a first application, we consider the case of a DM who is provided with a Pareto front
and tries to select a solution based on his preferences. In this selection process, graphical
tools are important to visually analyze the Pareto front. A standard way used is to color
the different points of the Pareto front according to the designer’s preferences [17].

To illustrate this use, a 2D example is shown below. Let us suppose that all possible
solutions of a 2D multi-objective problem are placed on a disc of radius r = 1, and centered
on the origin. Obviously, the perimeter of this set of solutions is formed by the circle of
radius unit centered on the origin (see Figure 3a). If the optimization problem consists on
minimizing both objectives, it is easy to locate the Pareto front, represented as a discrete
approach formed by the points highlighted in black in Figure 3a. Once the Pareto front is
obtained, the DM usually has to choose one of the solutions included in the front. Assuming
that both objectives are equally relevant, it seems reasonable to select a solution close to the
ideal point. The ideal point has the minimum possible value for each objective, which is
highlighted with a diamond in Figure 3b. A commonly used tool in the decision phase is to
color the points of the Pareto front according to their proximity to the designer’s preferred
area. In the case of Figure 3b, the points closest to the ideal point are colored dark blue,
and the furthest points are colored red.

(a) (b)

Figure 3. (a) Possible values of the objectives (grey disc) and approximation to Pareto front (black
points). (b) Coloring Pareto front according to proximity to ideal point (diamond).

However, if the DM defines some preference directions, the analysis of the solutions
of the Pareto front changes. If we suppose that B, is defined by the DM, B, can be easily
obtained applying the algorithm provided by Proposition 1:

[ o= (0.3162,09487) {op= (1,0)
By = { n= (01) } = Ba= { o = (~09487,03162) [+ D)

With this new base, which incorporates the DM’s preferences, the objective space is
deformed by affecting the distances between points. With the associated dominance basis
B, and the matrix M, the new distances are easily calculated (see Appendix A). Figure 4a
shows, in the canonical space, the Pareto front colored according to the proximity to the
ideal point with the new 5, base. In the same figure, the vectors of the 3, preference base
(in blue color) are shown, as well as the vectors corresponding to the B; dominance base
(in red color). In addition, to better understand how the relationship of distances to the
ideal point has been changed, Figure 4b is shown. In this figure, the Pareto front and the
ideal point in the space defined by 3, are represented.
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@ (b)

A 08 06 04 02 0 02 04 06 08 1 -4 35 3 25 2 15 A
J Jdt

Figure 4. (a) Pareto front colored according to proximity to ideal point computed in the basis B;
and plotted in canonical basis. Vectors of preference directions in blue and vectors of dominance
directions in red. (b) Same points but plotted in the basis B;.

As seen in the figure, this simple preference-based coloring allows the DM to select a
subset of relevant solutions according to his preferences.

3.2. Including Preferences by Reformulating the Optimization Problem

This way of considering preferences—by selecting a new basis—is easy to apply with
all the available optimization tools because it is just a change of coordinates. Defining a
multi-objective problem as:

min 1(6) 2
subjectto: 0 €S CR",
where 6 = (6y,...,0,) € R™ is the decision vector, [(0) = (J1(0),...,J.(0)) € R" is objec-

tive vector, and S is the subspace that satisfies all the additional constraints of the problem.
We must define a new basis that collects the preference directions:

By:={vj:i=1,..,n}. 3)

The redefinition of the multi-objective optimization problem that include preferences
is done using the associated dominance basis B; := {vy; : i = 1,...,n} and the matrix My
(see Equation (A1), Appendix A):

min ] (6) )

Ja(6) = (M;'1(0)")"
subject to: feSCR™

To see the effect of the preference directions in the optimization problem, an example
of a 2D problem (in the objective space) is shown. It is assumed that the space of possible
objectives is on a disk of unit radius. Figure 5a shows the periphery of this set on a canonical
basis, while Figure 5b shows the same circle but at the base B;. It is clearly shown how
the circle is deformed and becomes an ellipse. The equivalent points have been colored
identically in both figures to make them easier to locate.

35



Mathematics 2021, 9, 991

. (a)
.......VR.... o,
° °
®e
0.8 °e
°
®e
0.6 - o.
°
.o
0.4 °
°
°
°
0.2 °
°
¢ °
[aY] 0% \:
]
e
2 °
°
-0.2 o °
o °
OO .o
04 o °
o °
OO .o
06 O o*
[e] °
OO °®
0.8 - %o °®
OOO °®
[SXG) °
- L L L .‘ oo 09® ° L L L 1
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
J1
Y (b)
3 I ....7
o
°
2 o°
Q
Q
°
°®
1F °
°
2.6
e]
[
35 or 2.7
e]
2.8 °
a4k
2.9 ©
]
-3 -
-2 - 2
3.1 EE
oy g
3k 3.2
3.2 -31 3 -2.9 2.8 2.7
_4 1 1 1 1 1 1 1 1
-4 -3 -2 1 0 1 2 3 4

Jd1

Figure 5. (a) Representation of the unit circle in the canonical basis, and the preference (red) and
dominance (blue) vectors of the corresponding basis. Lines with ‘0’ and "x” show Pareto front in
canonical and B, basis, respectively. (b) Same circle and Pareto fronts drawn in B basis.

Figure 5a also shows the vectors that correspond to the preferences base (in blue) and
to the dominance base (in red). Note that Pareto front changes according to the base on
which the points are represented. The points that correspond to an approximation of the
front that would be obtained using the canonical base are highlighted with circles, and
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the points of the front that would be obtained using the dominance base B; are marked
with “x”. It can be seen that the use of this basis allows the front to be focused on the area
preferred by the DM, which has been previously defined by B,. As a additional comment,
it can be observed that by focusing on the region of interest, in general fewer solutions
are obtained. This facilitates the final decision stage, since the DM has to choose between
fewer options but all oriented according to his preferences.

Therefore, the use of B; directly in the formulation of the optimization problem
provides the pertinency property without having to modify the optimization algorithm.
This methodology can be used with any optimizer since it only involves a reformulation of
the optimization problem.

A 3D example comparing canonical dominance and dominance with preferences is
shown in Figure 6. For demonstration purposes, the set of possible objective values is a
sphere, and the boundary of the sphere is represented in blue. The basis 5, defines the
dominance cone B;. Remark that, if Bp is the canonical base, Bp = B,.

Canonical dominance

Domi with pi

Figure 6. 3D Pareto front approximation (in magenta) with canonical dominance (upper figure) and
dominance with preferences (bottom figure).

37



Mathematics 2021, 9, 991

U1 = (1,0,0) Vg1 = (1,0,0)
Bp = Uy = (0, 1,0) — Bd = Vip = (0, 1,0) . (5)
v3= (0,0,1) vi3= (0,0,1)

The dominance cone defined by B; is represented with a polyhedron with one of its
vertex at the origin. Each of the edges starting at the origin represents a vector of B;. The
polyhedron is colored in red. The resulting Pareto front has been highlighted in magenta.

Figure 6 shows the resulting Pareto front for canonical dominance (upper figure) and
Pareto front obtained with a base of preferences defined by B, (bottom figure):

o1 = (0,0.7071,0.7071)

B,=1{ va= (0.5774,0.5774,0.5774) o —
03 = (0.7071,0.7071,0)
o1 = (—0.7071,0.7071,0)

Bi={ vp= (05774,—0.5774,0.5774)
03 = (0,0.7071,—0.7071)

(6)

The reader can notice how the selection of preference directions provides a narrower
Pareto set when comparing with the canonical situation. Indeed, the preference direc-
tion basis B, is strictly included in the canonical positive cone, what provides a wider
dominance cone (see the picture on the bottom of Figure 6). This means that, in the new
situation, each point in the Pareto front dominates more points of the original sphere of
objective values, what gives a smaller set of dominating relevant points. To understand the
deformation produced by the preferences, Figure 7 shows the same that Figure 6 (bottom)
but drawn in By, basis. The DM has to consider a smaller set of optimal points for his final
election, all of them fitting with his original preference requirements.

Dominance with preference directions drawn in By

Figure 7. 3D deformed sphere (blue points) resulting from preferences and Pareto front approxima-
tion (in magenta) drawn in B,;.
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4. Application Example: The Daily Diet Design Problem

In this section, we will develop a complete example regarding the design of a healthy
diet. The original problem can be found in Reference [18], where an alternative form of
decision-making called TOPSIS is presented. The methodology tries to reach the com-
promise that the chosen alternative should have the smallest distance from the positive ideal
solution and the largest distance from the negative ideal solution. Therefore, no preferences are
proposed by the DM and cannot be compared with the proposal of the present work. In
order to illustrate the methodology, we will propose some DM preferences.

The problem concerns the prescription of a diet for a patient who has some particular
health characteristics. Suppose that the decision variables with their bound constraints are
the following.

e Milk pints: 0.0 < x1 < 6.00.
e Beef pounds: 0.0 < x2 < 1.00.
e Eggsdozen: 0.0 < x3 < 0.25.
e  Bread ounces: 0.0 < x4 < 10.00.
e  Lettuce and salad ounces: 0.0 < x5 < 10.00.
e Orange juice pints: 0.0 < x6 < 4.00.
The problem has three design objectives, 1, ]2 and ]3:

J1(x) = 24x7 + 27x3 4+ 15x4 + 1.1x5 + 52x4
Jo(x) = 10x1 +20x3 + 1203 , @)
]3(3() = 0.22x1 +2.2x7 + 0.8x3 + 0.1x4 + 0.05x5 + 0.26x¢

where 1 (x) is the Carbohydrate intake [g], J2(x) is the Cholesterol intake [unit], and J3(x)
is the Cost [$].

There are also some constraints that affects the optimization calculations, regarding
the amount of vitamin A [i.u] (g1 (x)), iron [mg] (g2(x)), food energy [calories] (g3(x)), and
proteins [g] (g4(x)).

g1(x) = 720x1 + 107x, + 708023 + 134x5 + 1000x¢ > 5000
go(x) = 0.2x1 + 10.1x2 + 13.2x3 4+ 0.75x4 + 0.15x5 + 1.2x4 > 12.5
g3(x)

x) = 344xq + 1460x; + 1040x3 + 75x4 + 17.4x5 + 240x4 > 2500 ®
ga(x) = 18x1 + 151xp + 78x3 + 2.5x4 + 0.2x5 + 4.0x¢ > 63
The multi-objective problem to be solved can be written as follows:
min ] (x) ©)
J(x) = (h(x), (%), J3(x)) € R®
subject to: x<x<X x€ RO
Qi(x) > b, i=1...4, gi(x) e R b; e R.

Since it is a linear problem in both objectives and constraints, a classic optimization
method obtains good results with a reasonable computational cost. Pareto front is obtained
using a classic method, e-constraint method, described in Reference [16]. Pareto front
values are achieved by solving multiple mono-objective problems in which only one of the
objectives is minimized, and the rest are considered as constraints. In order to obtain a
suitable discretization of the front, it is necessary to vary the value of these constraints on
the objectives in an adequate way. The steps are the following: first, the minimums of each
independent objective are obtained. With these values we have the range of values where
approximately the Pareto front is located. Subsequently, the increase to be applied to the
restriction in each mono-objective problem is defined. In this particular case, the range of
variation of two of the objectives (J; y J3) has been divided into 50 parts, obtaining €J1 y
€J3. Subsequently, multiple problems of a single objective are solved by adding constraints
on the other objectives. Then, multiple problems (50 x 50 = 2500) of a single objective are
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solved by adding constraints on the other objectives, that is, varying # from 1 to 50 and m
from 1 to 50, and solving the following mono-objective problems:

min J(x) (10)

subject to: x <

If a better approach to the front is required, the process can be repeated minimizing
Ji(x) or J3(x).

Since the problem is linear in both the target and the constraints, linear programming
has been used. The approximation to the front obtained consists of 2049 points. Twenty-five
hundred mono-objective problems have been executed, but some of them were not feasible;
therefore, they did not provide a solution. Figure 8 shows a 3D representation of the Pareto
front approximation obtained.

o © W w
© w M A O

J3: Cost [$]

N}
o

N
IS

o N
S o

60 400

40 300

200

J2: Cholesterol [unit] 20
olesterol [unl] 100 J1: Carbohydrate [g]

0 o

Figure 8. Pareto front approximation obtained for daily diet problem.

The DM must analyze this front and select a solution that fits his preferences. The
first step, to have fewer points to choose from, is to reduce the number of points to 342
while maintaining a good representation of the front. This can be done reducing the
discretization step.

Then, to help in the decision-making, the Pareto front is colored according to distance
to the ideal point; see Figure 9 (upper). The ideal point corresponds to a possible solution
obtained with the minimum values of each of the objectives.

This representation shows to the DM which are the points that present a more 'bal-
anced’ compromise between objectives. It should be noted that, in order to calculate the
distance to the ideal point, the front has been scaled trying to avoid the distortions that can
be caused by the different units and orders of magnitude of each of the objectives. Each
objective is rescaled between 0 and 1. With these new values, the distances to the ideal
point are calculated (that corresponds to the point (0,0,0) when applying the scaling).
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This ‘balanced’ solution is not always the preferred one, and the DM can decide on
another order of preferences. It is very useful that these preferences will be incorporated
in all phases of the MO problem resolution. In this case, a set of preferences defined by a
vector base will be established.

Let us show now how to implement the preference directions by the DM, in this case,
the doctor who treats the patient with special needs. Concretely, the doctor knows that the
diet for the patient must satisfy preferably the following relations:

e The ratio among the Carbohydrate intake and the Cholesterol intake must be as near
as possible to 2. This means that the preference equation J1 = 2 - ]2 must be taken
into account. This condition supplies one of the preference directions: v; = (2,1,0).

e  Since there are a lot of bad quality Carbohydrates in the market, the doctor wants to
promote the use of the correct ones.
An indirect way to increase the use of good quality carbohydrates is through cost. It is
estimated that the impact on the price of the diet of such carbohydrates is around 1%
per 100 g of carbohydrates. Poor quality carbohydrates are significantly cheaper on
the market. This allows to set a new direction of preference that is J1/100 = 3. This
second conditions supplies another preference direction: v, = (1/100,0,1).

e The third preference direction maintains the original objective of minimizing cost:
U3 = (O, 0, 1).

Summing up all these assumptions and converting these vectors into unit vectors the
preference basis B, and its corresponding dominance basis are:

v = (0.8944,0.4472,0)
B,={ w= (001,0,1) -
U3 = (0, 0,1)
v = (0,1,0)
By=1{ vp= (0.4472,—0.8944,0)
03 = (—0.4472,0.8944,0.0045)

(11)

By changing the base, the calculation of the distances is modified. The example shows
how the “color” of the solutions closest to the ideal changes when these preferences are
incorporated; see Figure 9 (bottom).

It can be seen that coloring, considering these new preferences (see Figure 9 (bottom)),
orients the DM towards a different area of the front. Usually, these points would be more
interesting for DM, and, consequently, he could choose more suitable solutions.

Table 1 shows the five best solutions extracted from each of the colored fronts. In
particular, the points closest to the ideal point are shown. As you can see, the solutions
obtained from coloring with preferences are closer to the preferences of the DM. The cost
is lower, ratios among the Carbohydrate intake and the Cholesterol intake are nearest to
two and ratios among Carbohydrate intake and Cost are nearest to 100. In this first case,
the preference directions are used in the decision phase to assist the DM in making the
final decision. This procedure does not reduce the number of solutions to be evaluated but
enables a very simple way to visualize the results and select a subset of solutions of interest.
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Figure 9. Pareto front obtained for daily diet problem. Upper figure shows the Pareto front colored
according to the proximity to ideal point. Figure on the bottom shows the Pareto front colored
according to the proximity to ideal point computed in basis B;. In both cases, dark blue color
highlights the best solutions (dark red the worst).

Another alternative is to use the preference directions in the optimization process
itself as proposed in Equation (4). The same multi-objective optimization method has
been used to obtain the new front (constraint method). In this case, the range of variation
of two of the objectives (J;; and J;3) has been divided into 10 parts and 10 x 10 = 100
mono-obijective problems have been solved. The Pareto front achieved has 10 points (many
of the mono-objective problems raised were not feasible and, therefore, did not provide a
solution). Applying the preferences to modify the optimization problem has significantly
reduced the computational cost and has focused the solution to the area of interest.
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Table 1. alt1: The five nearest points to ideal point without considering preferences. alt2: The five
nearest points to ideal point considering preferences.

Sol N J2 Js x1 X2 X3 X4 x5 X6

alt1 236.87 39.51 2.85 1.78 0.69 0.07 0.69 3.17
222.52 42.66 2.85 1.81 0.72 0.08 0.17 3.02
236.87 35.97 291 1.60 0.74 0.04 0 .24 3.43
251.22 36.36 2.85 1.76 0.65 0.05 1.22 3.33
222.52 39.79 291 1.74 0.74 0.06 0 13 3.07

0
0
2
0
1
alt2 236.87 69.26 2.36 3.52 0.21 0.25 7.40 0 0.68
0
0
0
0

o

—_

222.52 68.69 2.42 3.33 0.30 0.24 6.04 0.84
281.67 67.83 224 3.78 0 0.25 10.00 0.79
265.57 66.68 2.30 3.68 0.09 0.23 9.29 0.68
251.22 66.11 2.36 3.50 0.18 0.23 7.92 0.84

Figure 10 shows the new front obtained compared to the previous one (Figure 8), the
new front is colored in orange. There is a noticeable difference, since now the preferences
have deformed the target space and have oriented the search towards a different zone
adjusted to the DM’s preferences. It should be noted that the number of points of the
front obtained is 10, which is significantly lower than the number of points obtained in the
original front without considering preferences (2049 points). Among these new values, the
DM can select, for example, a more balanced solution. The points highlighted with black
square in the figure show 3 examples of balanced solutions. The particular values of this
3 solutions are shown in Table 2.

400

200

0 o J1: Carbohydrate [g]
J2: Cholesterol [unit]

Figure 10. Pareto front obtained for daily diet problem. In orange, the Pareto front obtained including
preferences into the optimization problem resolution. In blue, the original Pareto front obtained
without preferences. Black square shows 3 balanced solutions.
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Table 2. Balanced solutions obtained from the Pareto front with preferences.

JE J2 I x1 x2 x3 X4 x5 X6
151.65 70.34 2.65 2.66 0.69 0.25 0.31 0 1.24
175.46 70.13 257 291 0.55 0.25 2.31 0 1.08
199.27 69.91 2.49 3.15 0.42 0.25 4.31 0 0.92

5. Conclusions

This work shows a very easy alternative to introduce preferences both in the opti-
mization problem formulation and/or in the final decision phases. The methodology is
based on defining vectors that mark the directions of optimization and constitute what
is called the preference base. It is shown and formally demonstrated how to obtain the
dominance base from the preference one. In addition, the MATLAB code is provided for
its calculation. This base is the one used to redefine the dominance relations, and it is the
one in charge of ‘deforming’ the space to include the defined preferences. In Section 3, it
is shown that the deformation of the space resulting from applying the dominance basis
reconfigures the problem so that the points in the directions of preference dominate the rest
of the solutions. This deformation is usable both to redefine the concept of dominance (this
feature is usable by optimization algorithms) and to recalculate the distances that reorder
the points in the space according to the preferences (this feature can be used in the decision
phase to order solutions).

An important advantage of this methodology, when applied in the problem refor-
mulation, is it can be used with any multi-objective optimization algorithm. In order to
prove the use and usefulness of this methodology, a problem with three objectives has been
raised. The results obtained show the simplicity of the use of this methodology and opens
up a new range of possibilities for the inclusion of preferences. It has not been the objective
of this work to show a general methodology for defining the directions of preferences; this
aspect is particular to each problem and opens a very interesting research line that would
allow to popularize the use of the methodology proposed in this article.
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Appendix A. Equations of the Change of Basis and Related Distance

Once the preference directions which define the dominating basis are established, we
have to make a change of basis, which modifies also the equation of the distance in R"
that must be used. So, the equation for this new distance is provided just by considering
the change of basis. Using elementary linear algebra, we get that changing coordinates
from the canonical basis to another one—in this case, B;—is done by using the matrix
M, defined by the coordinates of the vectors v = (vl}ll, e O1), 02, Oy = (Utlin' ., Ulp) as
columns, that is,

1 1
a7 Y
M= | : - (A1)
n n
a7 Y
Consider a vector v = (x1, ..., x") € R", and write (a!, ..., &™) for the coordinates of v
with respect to the basis B;. Then,

4 X
Mg || =1|:] (A2)
o x"
061 xl
=Mt (A3)
“ﬂ xn

Thus, the definition of a new basis changes the associated norm, and this can also be
used in the decision-making step for selecting/coloring points with the lower distance to
a particular goal (see Section 3.2). Note that this distance takes into account the designer
preferences. The definition of the norm with the new basis can be obtained as follows.

Let us find the equations that allow to write the scalar product -5, in R" that satisfies
that the elements of B; define an orthonormal basis of the space. For this, take the matrix
My (see (A1), ifw = (y!,...,y") € R", the scalar product v ‘B, W can be written as:

v v
Vg, W= (x1, ..., 2" Bl = (x},.., ") (Md_l)T . (Md_l) . (A4)
y‘ﬂ yn

That is, the Gram matrix G associated with -3, is given by G = (Md’l)T . (M;l).
Therefore, the associated Euclidean norm can be computed as:

ol := (L am) (M DT (MY | 5 | = i(ﬂti)z, (A5)

where (a1, ..., a") are the coordinates of v in ;.

Summing up, we have that the norm computed following the new dominance basis
change the perception of distance according to the selected preference directions. Figure A1
shows all the points that are at a distance equal to 1, together with the preference directions
and the dominance basis.

45



Mathematics 2021, 9, 991

0.5

vd2 ",

Figure Al. Ellipsoid representing the unit circle in the norm associated with the dominance basis.
The preference directions fixed by the DM are shown (blue). The corresponding dominance basis is
also shown (red).
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Abstract: This paper introduces a two-stage method based on bio-inspired algorithms for the design
optimization of a class of general Stewart platforms. The first stage performs a mono-objective
optimization in order to reach, with sufficient dexterity, a regular target workspace while minimizing
the elements’ lengths. For this optimization problem, we compare three bio-inspired algorithms:
the Genetic Algorithm (GA), the Particle Swarm Optimization (PSO), and the Boltzman Univariate
Marginal Distribution Algorithm (BUMDA). The second stage looks for the most suitable gains of a
Proportional Integral Derivative (PID) control via the minimization of two conflicting objectives: one
based on energy consumption and the tracking error of a target trajectory. To this effect, we compare
two multi-objective algorithms: the Multiobjective Evolutionary Algorithm based on Decomposition
(MOEA /D) and Non-dominated Sorting Genetic Algorithm-III (NSGA-III). The main contributions
lie in the optimization model, the proposal of a two-stage optimization method, and the findings of
the performance of different bio-inspired algorithms for each stage. Furthermore, we show optimized
designs delivered by the proposed method and provide directions for the best-performing algorithms
through performance metrics and statistical hypothesis tests.

Keywords: two-stage method; mono and multi-objective optimization; multi-objective optimization;
optimal design; Gough-Stewart; parallel manipulator; performance metrics

1. Introduction

Over the last few decades, parallel robotic architectures have attracted considerable
attention because they provide precise motion, high rigidity, and low inertia of moving
parts under high loads. Compared to serial link manipulators, they do not have a long
range of motion displacements, but they exhibit higher stiffness and better load capacity,
as the external forces are distributed to several in-parallel kinematic chains [1]. In particu-
lar, the general 6 6-Degrees-Of-Freedom (DOF) Stewart platform is composed of closed
kinematic chains sharing the same payload platform, a base, six extendable linear actuators,
and two sets of six joints (see Figure 1). It was proposed first as the moving platform for
aircraft simulators, but recently, it has been adopted in different domains, such as machine
tools [2,3], vibration isolation devices [4], secondary positioning of radio telescopes [5,6],
and non-destructive aeronautical inspection [7].

The design optimization of robotic manipulators deals with finding the best lengths,
control gains, and other configuration parameters that minimize or maximize one or sev-
eral objectives—for instance, minimizing the error or energy and maximizing dexterity or
rigidity. Optimization algorithms from various families are employed for robotic design,
and metaheuristics have shown impressive results in this engineering area. Working meth-
ods vary under a system’s complexity and the number of objectives to optimize. According
to Botello et al. [8,9], the optimization problems of robotic manipulators can be classified
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into three categories: The first is the static design problem, in which a homogeneous
transformation or zero-order differential equation needs to be solved. Typical problems of
this group are dexterity, stiffness, workspace volume, and manipulability maximization.
The characteristic of this kind of problem is that the mathematical model does not depend
on time. That is to say, the numerical simulation only computes indexes that are dependent
on static positions. Usually, the output of this optimization is a set of lengths or sizes of the
robot elements; this is called dimensional synthesis. In the state of the art, Panda et al. [10]
proposed an evolutionary optimization algorithm based on the foraging behavior of Es-
cherichia Coli bacteria for the optimization of the workspace volume of a three-revolute-type
manipulator. The results were compared with the Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), and Differential Evolution (DE). Badescu and Mavroidis [11] proposed
the optimization of the workspace of three-legged parallel platforms through a Monte
Carlo method using three different indices: the workspace volume, the inverse of the
condition number, and the global condition index. Lou et al. [12] addressed the workspace
maximization of a Gough-Stewart platform by applying the Controlled Random Search
(CRS) technique and measuring the dexterity index over the workspace. The solution of the
inverse kinematics of serial robots also falls into this classification; in this subject, Ayyildiz
and Cetinkaya applied the GA, PSO, Quantum Particle Swarm Optimization (QPSO),
and Gravitational Search Algorithm (GSA) to the solution of the inverse kinematics of a
four-DOF manipulator. Similarly, Dereli and Koker [13] addressed the inverse kinematics
problem of a seven-DOF mechanism through the Firefly Algorithm (FA), PSO, and Artifi-
cial Bee Colony (ABC). Falconi et al. [14] proposed a solution to the inverse kinematics of
generic serial robots in a more general way through the Behavioral-based Particle Swarm
Optimization (B-PSO) algorithm. Considering that there is no need to solve differential
equations, but rather algebraic expressions, this kind of problem usually demands the
lowest computational resources compared to the next two categories. In addition, they
usually do not require specialized robotics software.

Linear
actuators *

Figure 1. General scheme of the 6-6 degree-of-freedom (DOF) Stewart platform mechanism.

The second category is the kinematic design problem, which implies the solution
of first-order ordinary differential equations, that is, the computation of velocities in a
system. They are usually controlled by a Proportional Integral Derivative (PID) controller
or some of its variations. This case is less common because it does not represent the
complete physics of the problem, since neither the mass nor accelerations are involved
in the equations. In this view, the kinematic design problem is useful when the involved
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forces are not considered. Hence, the most important and the main purpose is the control
of velocities.

In the third category, the dynamic design problem, second-order differential equations
are involved. Hatem et al. [15] developed a clear example of this category, in which
trajectory planning subject to kinematic and dynamic constraints was approached. A Direct
Search Optimization method was developed for determining the optimal task time and
optimal joint torques of serial robots. Kuguk [16] performed trajectory planning using the
PSO for parallel manipulators. This optimization was divided into two stages: The first one
was focused on the derivation of a minimum-time trajectory, and the second stage looked
for the elimination of the jerk. Furthermore, more evolutionary algorithms have been
implemented for the dynamic optimization of robotic design [17]. These works perform
dynamic optimization, but they do not consider optimization of the dimensional structure
as an initial step. This may cause the design to be inappropriate for the task.

In addition, the classification of the optimization tasks using metaheuristics takes
another direction when the objectives are more than one. In this case, the optimization
can be approached by dividing the process into the individual solution of each objective
function. Most of the current approaches in robotics optimization address a separate
analysis of the dimensional synthesis [18,19], accuracy, or dexterity maximization [20] and
the control design [21], among other objectives. Nevertheless, there are a few proposals
that consider an optimization framework that integrates several objectives into a single
process [22-26]. For instance, a concurrent design has been tested through various design
methods in delta parallel manipulators [8]. In this regard, a limitation for considering such
a unified framework is that various objectives conflict. In the real-world design process,
decision-makers select parameters through different design stages in an iterative process by
using their knowledge and expertise to approach the best selection. This process requires
several inputs, such as time, hardware, software, knowledge, and expertise. It outputs a
design with different degrees of closeness to the best according to the set of decisions made.
Thus, the aim of optimizing several objectives simultaneously is to support real-world
designers, that is to say, it is not to replace the designer’s final decision, but to provide a
reduced set of close-to-optimal solutions by automatically discarding those solutions that,
evidently, are not optimal. In this regard, evolutionary multi-objective algorithms naturally
work on a set of candidate solutions that are evolved to approach a Pareto optimal set.
The solutions in this set are incomparable in the sense that one cannot improve an objective
without the detriment of another. From these solutions, the decision-maker must select
the most convenient. Notice that the method does not substitute the designer’s work,
but reduces the dependence on experiments, time, and expertise. In addition, it foments
the generation of high-performance designs.

In this context, research with multi-objective genetic algorithms for symmetric and
unsymmetrical Stewart platforms has been applied for aeronautical purposes. Here,
Cirillo et al. [27] intended to maximize the payload and minimize the forces used to ex-
periment during positioning. Joumah and Albitar [28] approached the optimization of
a six-DOF Revolute-Universal-Spherical (RUS) Stewart platform in two ways: The first
stage solved three cost functions separately related to the workspace volume and the
global conditioning index, as well as the stiffness index of the structure with a GA, while
the second stage unified these indices into a single cost function with a GA and PSO.
The output was a manipulator with optimal geometry and structure. Analogously to
this work, Nabavi et al. [29] proposed a one-stage optimization for similar indices: the
global workspace index, the global dexterity Index, and the global kinetic energy index.
They found Stewart platform configurations with a Prismatic-Universal-Spheric (PUS)
structure. In addition, they analyzed the obtained Pareto front and the interaction between
the existing indices, elucidating that there exists an architecture that significantly lowers
the maximum actuator’s static and dynamic forces. Lara-Molina et al. [30] addressed the
optimal design of parallel manipulators based on multi-objective optimization by consider-
ing as objective functions the global conditioning index, the global payload index, and the
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global gradient index. These indices were evaluated over a required workspace. This
optimization method consisted of two stages: The first one, solved with a GA, comprised
a simulation for the maximization of the global conditioning index, and the behavior of
the rest of the indices was observed. The second was a simultaneous optimization of the
three indices by applying a Multiobjective Evolutionary Algorithm (MOEA) based on the
Control Elitist Non-dominated Sorting Genetic Algorithm (CENSGA) to find the Pareto
front. The second stage derived an optimal geometric configuration for the parallel manipu-
lator. According to the review of this research in the field of Stewart platform optimization,
and despite the application of many metaheuristic algorithms, multi-objective optimization
for dynamic problems is still weak.

Contributions

We contemplate three possible cases in multi-objective optimization: The first occurs
when minimizing one of the objectives, which leads to minimization of the other; this is
called support. The second case is when the objectives can be independently optimized
and minimizing one does not affect the other; mathematically this means that the different
objective functions depend on sets of variables without intersection. The third case occurs
when minimizing one objective, which leads to maximizing another; this case is called
conflict.

In this proposal, we consider that dimensional synthesis for approaching a regular
workspace with sufficient dexterity is independent of error and energy. This assumption
is due to practical considerations. To optimize the geometry, we only use kinematics,
which is cheap in the computational sense; in addition, a configuration with minimum
lengths and high dexterity provokes less error and reduces the peaks of energy required in
near-to-singular positions. For the sake of completeness, the problem could be approached
as a three-objective problem, including the workspace fitting as an additional objective.
Nevertheless, this will considerably increase the computational cost and it would incre-
ment the complexity of the software development in order include parametric design
changes in a dynamic simulator. Optimizing the three objectives means that a different
geometry is delivered for each trajectory, which is not the rule in practical applications.
This dimensional synthesis is performed independently with three different trajectories
given by parametric equations. In the second stage, we aim to minimize the error and
energy; both objectives are in conflict and depend on the control gains. This optimization
requires a dynamic simulation, which is the most computationally expensive part of the
algorithm. In addition, different trajectories can be optimized for different control gains
without modifying the geometry of the mechanism. This stage considers only the opti-
mization of one of the three trajectories from the dimensional synthesis. To the best of
our knowledge, there is not similar research on the state of the art that combines mono-
and multi-objective optimization to define a methodology that integrates various design
objectives. The existing research on optimizing the Stewart platform focuses separately
on either the static or dynamic parameters. Moreover, many of the above-mentioned
approaches for multi-objective optimization combine the many objectives into one single
objective function using weighted sums. Hence, the designer obtains a single objective
value instead of a Pareto front, which offers the designer a family of optimal solutions
along the objectives. Consequently, the designer makes decisions about the importance of
the objectives without the information of the affectation in the platform’s performance. For
this reason, this proposal considers treating the objectives in the second stage as separate
issues so that the designer can decide on the most optimal parameters by analyzing only a
reduced set of the best-performing solutions.

Our proposal considers the merging of both sequential and concurrent optimization
methodologies as a design method for parallel robots considering both static and dynamic
optimization. The static optimization ensures that the parallel robot is capable of reaching
a desired dexterous workspace, and the dynamic optimization looks for high-performance
operation conditions using the optimal control.
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Finally, in light of the metaheuristics used, we contrast several mono- and multi-
objective evolutionary algorithms to give directions about the best-performing optimizer
for these kinds of applications.

2. Optimization Design Criteria

In this section, we briefly review the kinematics and dynamics of the general Universal
Prismatic Spherical (UPS) Gough-Stewart platform to present the necessary concepts for
defining the objective functions of the optimization problems.

2.1. Kinematics Computation

To define a reachable workspace, we need the computation of the inverse kinematics
of the system in order to obtain the lengths effected by each linear actuator in terms of the
position and orientation, as shown in Equation (1). The Jacobian expression in Equation (2)
is derived from the inverse kinematics. It is used for defining the dexterity index.

Thus, the inverse kinematics can be derived from the schematic of Figure 2a. L;
represents the vector along the linear positioners and n; represents its corresponding unit
vector, acting in terms of the position x and orientation in the moving platform [y, 6, ¢], also
called the end-effector. Vectors describing the positions of the spherical and universal joints
are included to form closed kinematic chains. Thus, p; and b; denote the position of both
spherical and universal joints, respectively, according to the inertial reference framework B,
while p? denotes the spherical joint with P as a reference framework. Moreover, the manip-
ulator is assumed to be symmetric, and the locations of the universal and spherical joints
are equally distant with a radius rp in the base (Figure 2b) and rp in the moving platform
(Figure 2c), with equal aperture angles between pairs 6z and Jp. Thereby, the expression
for the lengths L; can be written as

B P
li=|Li| = |x+ Rpp; — by, 1)
and, after deriving it, we can obtain the Jacobian expression in the next form:
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In Equation (1), RS corresponds to the rotation matrix, which is derived in this work
by following the z — y — x sequence of axis rotation, while the angles 1, 6, and ¢ denote the
rotations made about the z, y, and x axis, most commonly known as yaw, pitch, and roll
angles, respectively, and trigonometric functions are written in a short form: s denotes sine
and ¢ denotes cosine.

cpcd, —spcl + cpsbsp,  spsd + cipstce,
RE = |sych,  cpch + spsbsp,  —cipsd + spsfeg, . 3)
—s0, cOse, cOco,

53



Mathematics 2021, 9, 543

(b) Fixed base

(c) End-effector

Figure 2. General Universal-Prismatic-Spherical (UPS) Gough-Stewart structure. Stage 1 looks for
the optimal rp, rp, dp, 6p, and maximum stroke /4y to cover a dexterous workspace. Stage 2 uses the
resulting geometry to provide an optimal dynamic control.

2.2. Regular Workspace Computation Considering Sufficient Dexterity

The optimization algorithms generate candidate length configurations corresponding
to the defining sizes of the parallel robot. Each length configuration is called a candidate
solution (an individual in the GA context). In order to evaluate them, we must quantify
whether they are capable of reaching any point in a set of trajectories with sufficient dexter-
ity. We measure the dexterity of the system with the inverse of the global condition number
in Equation (4) using the maximum and minimum singular values of the dimensionally
homogeneous Jacobian matrix shown in Equation (2). The dexterity index decreases its
value when the robot is close to a singular non-desirable position and increases otherwise.
Thus, an acceptable workspace should be restricted to the permitted limits of this value
over its complete volume according to the designer’s decision.

1= Tmin(]) ) @)
Tmax(J)

For this purpose, consider a set of tasks given as target trajectories. They are performed
inside a bounding box built by the maximum and minimum coordinates of the target
trajectories (see Figure 3) within a limited period. Hence, the platform must be designed to
reach, with sufficient dexterity, any point inside such a bounding box.
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(a) x = acost,
y =asint, z = bcos2t,

b=a (b) x = acos’t,
y:asin3t,z:bcost,
b=2a

a 200 -200 a

(c) x =acos3t,
y=2(acos’t—1), z=bsin2t,
b=a/2
Figure 3. Target trajectories, named hereafter (a—c), labelled correspondingly, within prismatic
bounding boxes, and points of the discretized workspace.

Here, we introduce the procedure for quantifying the volume of the bounding box
reached by a candidate platform. To ensure that the target trajectories lie in allowable
dexterity boundaries (in terms of the condition number), the bounding boxes are discretized
in points that are spatially distributed along the surfaces and interior, and then, the inverse
condition number is evaluated at each of these points. For the case of the cube-shaped
trajectory shown in Figure 3a, which is called Trajectory a hereafter, points are uniformly
allocated to ensure their position along the edges, corners, and intermediate positions. This
distribution can be seen as the positioning of three equal planes that are parallel to the
xy plane and composed of nine points along three different equidistant heights in the z
axis, that is to say, a total of 27 points. In a similar way, the trajectory of Figure 3b, called
Trajectory b, is discretized by placing the nine-point planes at five equidistant heights of the
z axis, resulting in a total of 45 distributed points. For the trajectory of Figure 3¢, Trajectory
¢, it is considered that the bounding box height measures half of the sides’ lengths. Here,
sixteen points distributed in planes parallel to xy were placed at three different equidistant
heights of z, giving a total of 48 points.

For every candidate solution, namely, the lengths of a Stewart platform, the inverse
condition number is evaluated at all of the n discretized points, in which the orientation is
maintained constant and parallel to the platform base. If the manipulator is not capable of
reaching the total of the bounding box points within the allowable dexterity, and with the
stroke limitation of each linear actuator, the candidate solution is not considered suitable.
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Mono-Objective Optimization for Dimensional Synthesis

The candidate solutions are generated from a vector of decision variables, which
mainly denote the geometrical characteristics of the Stewart platform, d = [rg, rp, 65, dp,
Lnax, cm |- Here, Lyax denotes the maximum stroke of the linear actuators, and a last term,
cm, is added as a decision variable, indicating the position along the z axis of the center
of mass of the bounding box. This way, not only a dimensional synthesis of the robot is
made, but also a decision about the best place to locate the trajectory according to this
candidate solution.

The objective function in Equation (5) comprises two terms. For the n discretized
points, the first term evaluates the competence of the Stewart platform of: (1) reaching
the position x;, with the proposed maximum stroke [, and (2) fulfilling the dexterity
desired for this point. Each time that a point fulfilling stroke and dexterity conditions
is reached, I takes a unit value, and zero otherwise. If all points in the workspace are
adequately reached, the sum is equal to n. The second term looks for the minimization
of the radius of the base, the radius of the end-effector, and the maximum stroke of the
linear actuators. Hence, the optimization parameters of the second term are defined as
= [/ 7™, 1p /1™, Lnax / Liax) - In this vector, the variables to minimize are normalized
with respect to their upper boundaries in such a manner that, in the second term of the
objective function, the sum does not take a value higher than the unit, and the smaller this
value is, the better the dimensional synthesis. Notice that all feasible geometries that reach
the whole workspace report an objective value greater than n — 1, and the best—that with
the minimum lengths—is the maximum value.

fld) = 32 1(2) = 3 Eld, ®

0 otherwise

T .
where I(xy) = {1 if k1 (xp) > 02and ; < zm},

for the x;, positions of the w = 1,...n discretized points and for the i = 1,...6 linear
actuators. The search limits of the decision variables are given in terms of the bounding
boxes’ sizes, as shown in Table 1.

Table 1. Upper and lower boundaries of the decision variables for the dimensional synthesis.

Trajectory a Trajectory b Trajectory ¢
0.1a <rg < 3a 0.1b <rp < 3b 0.1a <rp < 3a
0.3a <rp<3a 0.4b <rp <3b 04a <rp <4a
5° < ép < 30° 5° < 6p < 30° 5° < 6p < 30°
7° < op < 30° 7° < ép < 30° 7° < op < 30°

0.1a < Lyax < 3a 0.10 < Lyax < 3b 0.1a < Lpgx < 4a

b <cu<5b b <cu <5b b <cy <5b

2.3. Computation of the Dynamics

The dynamics of the Stewart platform are solved through the simulation software
Simwise 4D [31]. First, the Stewart platform is constructed according to the best geometry
obtained in the first stage with the mono-objective optimization using a CAD software;
then, the assembly is exported to Simwise 4D for the simulation of the dynamics, with the
linear actuators controlled from MATLAB Simulink. This simulation is used to measure
the dynamic properties during the tracking of trajectories along with the time steps.

Error and Energy Multi-Objective Optimization

The optimization algorithms look for the minimal accumulated error and energy
consumption during the tracking of a trajectory. To this effect, a PID control (see Figure 4)
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is applied on the linear actuators, which is limited in stroke by the /,;;4, resulting from the
first stage. Our decision variables are the PID gains for controlling the Stewart platform,
which are d = [kp, ki, k). Similarly to the first stage, decision variables are limited with
lower and upper boundaries so that [0,0,0] < d < [2,20,2]. Notice that the force of the
actuators is intrinsically limited by the control gains; hence, they are intrinsically bounded
by the search limits. Joint constraints are not considered in this simulation. The PID control
law appears in Equation (6).

1 1
kp-l-ki*-‘rkd T ()
s 1+ 3
{ \ { i v ) //fb’;;\ L /ﬁ
) 1 1 p
| x | Inverse L+ € | kyt kit ke l_)lc‘{“trOI A /&: F Y |Fi - Ll ‘
|| Kinematies [\ L ‘*EJ signal l // . "_| =
o . @b
Trajectory Plant Energy
ks Xe . Error

Figure 4. Proportional Integral Derivative (PID) control scheme of the lengths. It is used for the error
and energy optimization.

The objective function of this second stage is shown in Equation (7). In the first term,
it is the integral over the time of the absolute error of the trajectory. The second term is
the integral of the absolute multiplication of force times displacement; this term measures
a function related to the accumulated energy through the simulation time. Nevertheless,
the first lengths have a larger weight than the last because /; is the total displacement at
time t. This objective function helps us to emphasize the energy expended during the
initial steps rather than the rest of the trajectory, considering that the initial steps are those
with the greatest energy consumption and greatest energy,

t
f(d) = [ftéleEdlt dt} , forthei =1, ..., 6 linear actuators. 7)
0 ith

3. Optimization Design Process: Implementation and Results

The integral optimization proposal is defined in two stages as follows:

1.  Dimensional synthesis of the platform: Using a mono-objective optimization algo-
rithm, we determine the lengths of a platform with minimum dimensions that, with a
dexterity measure equal to or greater than 0.2, reaches the points inside a regular
workspace.

2. Error and energy optimization: Using the lengths of the previous stage and a multi-
objective evolutionary algorithm, we approximate the Pareto set, that is, we obtain a
set of arrays of gains of the PID controller with the best performance in both objectives.

For Stage 1, we compare three bio-inspired algorithms, and for Stage 2, we compare
two multi-objective algorithms from the state of the art. This methodology is briefly
explained in Figure 5.
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Figure 5. Flowchart of the general optimization process. Stage 1, on the left, finds the geometrical

configuration, and Stage 2, on the right, finds the optimal control parameters. Notice that both stages
are connected.

3.1. Mono-Objective Optimization Algorithms

For the workspace optimization, a comparison among three different population-
based algorithms was made: the Boltzmann Univariate Marginal Distribution Algorithm
(BUMDA) [32], which uses a probabilistic method to sample the optimum values, Particle
Swarm Optimization, inspired by flocks of birds or swarming insects [33-35], and a Ge-
netic Algorithm based on the research performed by Goldberg [36] and Conn et al. [37,38].
The Particle Swarm Optimization and Genetic Algorithm were taken from the MATLAB
routines particleswarm [39] and ga [40].

The PSO used a weight of the neighborhood best and global best equal to 1.49, and the
GA used a scattered crossover, that is to say, a binary random array was generated; the
positions with 1 were inherited from parent 1; otherwise, they were inherited from parent
2, with a crossover fraction and Gaussian mutation of 0.8.

For the sake of a fair comparison of the mono-objective optimization algorithms, we
executed the three algorithms with an equal population size of 50 and 200 maximum
iterations, that is, approximately 10,000 maximum function evaluations; the algorithms
also stopped if the search suffered stagnation during the last generations. The stagnation
of the objective value was measured as follows:

e For the BUMDA, the standard deviation of the objective function values of the popu-
lation was less than 10~8.

e For the PSO, the relative change in the best objective function value over the last 20
iterations was less than 10, or the maximum number of iterations is met. The relative
change was computed with the formula | szfst — frest/ max(1, | fpest|)|, where fl};est is
the best function value in the k-th iteration.

e For the GA, the average relative change in the best objective function value over
the last 50 generations was less than or equal to 107, or the maximum number of
iterations is reached. The average relative change was computed as | f},., — fo0,| /(50 -

bes
max(1, | fgeos ;|), where fll;(es ; is the best function value in the k-th iteration.

58



Mathematics 2021, 9, 543

Nevertheless, these settings could favor the BUMDA, which converges faster than
the other algorithms, considering that the best results for Trajectory a were [26.561535,
26.560189, 26.502771], for Trajectory b, they were [44.645261,44.714242, 44.620334], and for
Trajectory c, they were [47.713794, 45.584584, 39.524893] for the BUMDA, PSO, and GA,
respectively. In consequence, we changed the population sizes to the recommended
values [39,40] of 60 and 200 for the PSO and GA, respectively. For both cases, the number
of iterations was unlimited. Using these last settings, we obtained the results in Table 2.
Detailed information about the algorithms’ results can be found by following the “Data
Availability” link.

3.2. Multi-Objective Optimization Algorithms

The implementation of two algorithms of different natures [41,42], whose performance
has been been recently compared, MOEA /D and NSGA-III [43,44], are executed to find
the optimal gains of a PID control given three defined trajectories to track with the end-
effector while maintaining a constant orientation. In this second stage, the bi-objective
optimization focuses on minimizing the error in the trajectory, as well as the energy
consumed. The MOEA /D implementation solves the optimization by decomposing the
multi-objective problem into multiple single problems; meanwhile, the NSGA-III proceeds
with the Pareto dominance for fitness assignment.

For the sake of completeness, the optimization algorithms were executed with the
following parameters: MOEA /D used a weighted crossover as follows: « - p1 4 (1 —«) - p2,
where - is a position by position vector multiplication, and « is an array of the same size as
the parents, randomly picked from [—7, 1+ ]| and 7y = 0.5 without mutation, as presented
in [41]. NSGA-III used a crossover percentage of 0.5 and mutation percentage of 0.02; it
used the same crossover as the MOEA /D, but two children were generated in a single
operation from two parents by inverting the positions of the parents. The children mutated
a single position using Gaussian mutation with ¢ = 0.1(Var ey — Vary,).

3.3. Mono-Objective Optimization Results

Optimization algorithms use stochastic operators; hence, the results may differ one
from another. With the intention of obtaining representative results from each algorithm,
we executed them 15 times each and performed a statistical analysis to evaluate the
performance of the algorithms in solving these problems. In Table 2, we show the best
value of the objective function f resulting from this mono-objective stage for each trajectory.
These results show the decision variables, that is, the best geometrical configuration of
the Stewart platform yielding the best value of the objective function. The last column
shows the number of function evaluations required by the algorithm to reach the resulting
objective function value. These results are used for the construction of the geometrical
models for the tracking of their related trajectories, as shown in Figure 6.

Table 2. Mono-objective optimization results: the optimized parameters and best objective function values from 15 independent

executions of each algorithm.

Traj‘ Alg TB(mm) T'p(mm) 5B(rad) ‘SP(rud) lmux(mm) Con(mm) f Neval
BUMDA 748.45 160.21 0.21 0.23 669.82 1099.29 26.56154 589

a PSO 815.85 120.02 0.12 0.12 647.26 999.99 26.56024 17,100
GA 876.03 120.03 0.26 0.13 664.66 999.99 26.53869 50,400
BUMDA 927.03 151.24 0.19 0.23 837.33 1316.65 44.64526 442

b PSO 592.71 240 0.09 0.12 710.25 1262.62 44.71426 10,080
GA 691.70 260.54 0.21 0.12 736.93 1296.01 44.68719 20,600
BUMDA 495.40 322.40 0.18 0.27 391.22 791.50 47.71379 2843

c PSO 1113.84 160.00 0.11 0.12 578.97 500 47.53664 8100
GA 988.34 160.04 0.12 0.13 521.48 499.88 45.58347 52,800
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We compared our Stewart platform’s design from Stage 1 with a generic methodology
proposed in [45]. In this design method, the author proposed a set of decision variables
to define the dimensions of a Stewart platform manipulator; then, he used a simulator
to verify that it complied with the desired workspace. If the proposed dimensions do
not fit the workspace, then the designer should modify them until a satisfactory solution
is found. We applied this methodology to find a configuration for comparing and an
objective function value for Trajectory a within the same lower and upper boundaries.
The best value found after many iterations in the decision variables was f(d) = 23.5278
for the configuration d = [800, 300, 0.14, 0.40, 600, 1000], while the best values found by
the metaheuristics were 26.56152, 26.56024, and 26.53869 by the BUMDA, PSO, and GA,
respectively. Despite the many attempts, we could not find a greater value of the objective
function with the methodology in [45]. In addition, since f did not meet f >= n —1,
the desired workspace was not completely fulfilled. In comparison, our methodology
found an objective function value greater than n — 1 and also optimizes it in seconds, while
the contrasting method took hours.

(b) Model for Trajectory b

(c) Model for Trajectory ¢

Figure 6. Results for dimensional synthesis based on target trajectories.

Despite the best results obtained with our optimization, we performed statistical
analyses among the performances of the algorithms in this stage. This way, we could
demonstrate whether one algorithm was better than the others in each trajectory. Table 3
shows a statistical comparison using a non-parametric test, the Wilcoxon rank sum test,
and a t-test. These tests evaluated the null hypothesis—that the mean objective values from
two algorithms are equal at the 5% significance level. The samples consist in the objective
function values f obtained from 15 executions of each algorithm. The rejection of the null
hypothesis shows that the two samples compared are significantly different. We compared
the algorithms with the best results for each trajectory against the others.
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Table 3. p-values and acceptance/rejection of the null hypothesis of the Wilcoxon rank sum test and
the t-test. x indicates that the left algorithm is better than the right one, while / indicates that there
is not a significant difference between them.

. . Wilcoxon t-Test

Traj. Algorithm p I/ p I/

a BUMDA vs. PSO 0.000576 X 0.000642 X

BUMDA vs. GA 0.198456 v 0.268204 Vv

b PSO vs. BUMDA 0.00000 X 0.000003 X

PSO vs. GA 0.000001 X 0.000003 X

c BUMDA vs. PSO 0.861813 Vv 0.213323 Vv

BUMDA vs. GA 0.000007 X 0.000003 X

3.4. Multi-Objective Optimization Results

This section shows the results obtained from the multi-objective optimization over
Trajectory a. The second stage of this approach yields a set of Pareto solutions that help
the designer to decide on the best gains for the PID controllers of the lengths of the
actuators, since each individual in the Pareto front is a PID gain combination. The outputs
of the optimization algorithms are highly influenced by the population and number of
generations used for the executions. We executed the MOEA /D and NSGA-III 15 times with
the configurations of [50,200] and [100, 100] in population size and generations, respectively
(60 total executions). The Pareto sets resulting from all of the executions were combined
to yield the reference Pareto front, shown in Figure 7. This Pareto front only considered
the non-dominated solutions, shown in red dots, while the dominated (blue crosses) were
discarded. Then, each algorithm with the two sets of parameters was compared to the
reference Pareto front using performance metrics to find which configuration was the best
for the solution of the multi-objective problem. The results from each algorithm separately
are depicted in Figure 8. The first performance metric was the Approximated Hypervolume
(HV), which, in practical terms, reveals the extension and covering of the Pareto front.
The other performance metrics were the Generational Distance (GD) and the Positive
Inverse Generational Distance (IGD+); this last metric is a unique weak Pareto-compliant
binary metric. These metrics expose how close the current Pareto set is in comparison to
the reference one. The lower the value of the GD, the better the proximity to the ideal
set, while the IGD+ acts inversely. Table 4 shows the metric results obtained from 15
executions of each algorithm configuration. On average, the MOEA /D performed the
best, although these average values did not reveal whether the difference between the
compared algorithms was statistically significant. In this regard, Table 5 shows the results
of the Wilcoxon test and the t-test to statistically compare the mean of the IGD+ of the 15
independent executions. In the discussion section, we argue that this metric is the best
suited for determining the best multi-objective solution from an engineering point of view.
As a final result of this stage, we highlighted three results in the Pareto front in Figure 7,
corresponding to three different regions of the objective function’s space, that is to say,
in the middle and extremes of both objectives. Then, we simulated these optimal results
to visually analyze the tracking error; the simulations and their associated PID gains are
shown in Figure 9.
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Figure 9. Three different simulations from the extremes and middle of the obtained Pareto front of
Figure 7 and associated PID gains. (a) Low error but high energy consumption; (b) an error-energy
balance; (c) denotes low energy but high error.

Table 4. Averages of performance metrics over the multi-objective results. Best values in bold.

Positive Inverse

Algorithm Approx. Hypervolume Generational Distance . L
[nPop,nGen] (Higher Is Better) (Lower Is Better) Generational Distance
! (Higher Is Better)
MOEA /D [100,100] 5345.740519 1.823100 0.299273
MOEA /D [50,200] 3297.389387 1.158101 0.348441
NSGA-III [100,100] 1102.987694 1.623127 0.049558
NSGA-III [50,200] 927.873283 2.064423 0.181521

Table 5. p-values and acceptance/rejection of the Wilcoxon test and ¢-test for the multi-objective
results of the Positive Inverse Generational Distance (IGD+) for 15 independent executions. Algo-
rithms with statistical differences are in bold. x indicates that the left algorithm is better than the
right one, while / indicates that there is not a significant difference between them.

Algorithm Comparison [nPop,nGen] :Vﬂcoxonx Iy p f-Test X1/
MOEA /D ([100,100] vs. [50,200]) 1.000000 Vv 0.632716 Vv
MOEA /D [100,100] vs. NSGA-III [100,100] 0.000003 X 0.000246 X
MOEA /D [100,100] vs. NSGA-III [50,200] 0.020191 X 0.191011 Vv
MOEA /D [50,200] vs. NSGA-III [100,100] 0.000003 X 0.000004 X
MOEA /D [50,200] vs. NSGA-III [50,200] 0.018054 X 0.231068 Vv
NSGA-III ([100,100] vs. [50,200]) 0.000057 X 0.006621 X
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4. Discussion
4.1. Mono-Objective Optimization

The results in Table 2 show that the BUMDA delivers the best results for two of the
three cases, and the PSO delivers the best result for the other; then, according to Table 3,
for the BUMDA for Trajectory g, the tests reject the null hypothesis when comparing the
BUMDA to the PSO and accept it when comparing BUMDA with the GA. For the second
trajectory, the PSO performs the best, and for the third, the BUMDA is better than the GA,
but it is not significantly better than the PSO.

In general, the GA is not the best for any case, and the best algorithm for each trajectory
is significantly better than it. Hence, the adequate algorithm selection is between the PSO
and the BUMDA. Both algorithms were executed with their default parameters; in this
sense, it is possible that the PSO improves its performance if the best execution parameters
are used; nevertheless, this requires additional research and computational time for each
design problem. On the other hand, the BUMDA requires a single execution parameter,
the population size, which is not required to be tuned, according to the recommended
settings of 10 times the number of optimization variables [8,32]. Thus, we recommend the
use of the BUMDA by default, and to use the PSO if the solution with the BUMDA is not
satisfactory or if the trajectory is highly complex, although using the PSO could require
one to look for optimal execution parameters.

4.2. Multi-Objective Optimization

The results of the hypothesis tests in Table 5 show that the MOEA /D performed better
than the NSGA-III for all cases; nevertheless, there are no statistical differences when using
the MOEA /D with different execution parameters. According to the observed results,
the largest population size increases the coverage of the Pareto front, while the shortest
benefited the convergence. Usually, in the research field of multi-objective optimization,
researchers aim to find Pareto front approximations with the maximum extension or
coverage of the solution space. Nevertheless, although the results in the Pareto front
represent a minimization in one or both objectives, as observed in Figure 7, the extreme
solutions that indicate the full extension of the Pareto front are not the most interesting
from an engineering point of view, considering that they have the greatest pay-off in the
objective functions. That is to say, one extreme of the Pareto front shows a solution that
must substantially increase the energy consumption in order to reduce the error by a small
quantity, while the second extreme increases the energy for reducing the error with a
shorter pay-off than the other. However, even in this case, the solution is not of interest
because the energy is too high in contrast with the solutions in the middle, and even though
the error is lower than the other solutions, the error signal oscillates due to the large value
of the proportional gain, as noticed in Figure 9. Hence, the most useful solutions from an
engineering point of view are those with the most balanced pay-off, namely, those in the
middle of the Pareto front. For this reason, in the statistical comparison shown in Table 5,
we preferred to use the IGD+ metric to emphasize the proximity of the Pareto fronts to the
reference instead of using the HV to prioritize the optimality of the solutions rather than
the extension of the Pareto front. Once we identified that the middle of the Pareto front was
our interest area, comparing the HV was incorrect, since it does not represent the measure
of our target. Thus, according to Table 5, we preferred the set of parameters that benefited
the convergence, that is, MOEA /D with a population size of 50 and 200 generations.

Table 4 shows the HV of the two algorithms and parameters that were compared.
Usually, the performance of multi-objective evolutionary algorithms is measured according
to three features: spreading, distribution, and convergence. The first is the extension of the
solutions of the approximation of the Pareto front, the second is the representativeness of
the solutions—usually, a finite set of equally distributed solutions is desirable to represent
a possibly infinite set of optimal solutions—and convergence is measured as the distance
to the real Pareto front. The HV measures the first two features; the hypervolume in 2D,
such as in this case, is an area measured from the zenith point (the minimum value for each
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objective) to the points in the Pareto front. Notice that clustered points result in intersecting
areas, and the more spread the points are, the larger the covered area is. In this regard,
in Table 4, the NSGA-III delivers hypervolumes of approximately one-fifth of the greatest
delivered by the MOEA /D, which means that the MOEA /D delivers an approximation to
the Pareto front with a larger extension and better-distributed solutions than that delivered
by the NSGA-III. In other words, the area generated by the NSGA-III solutions is one-fifth
of that delivered by the MOEA /D.

Moreover, the simulation results in Figure 9 confirm that the desired path tracking
belongs to the solutions in the middle of the Pareto front, where both error and energy
have intermediate values (Figure 9b). In this case, the controller has the greatest gains for
the proportional and integrative terms and the lowest for the derivative. For the case in
Figure 9a, we see that many oscillations are made around the desired path, and a very
abrupt initial step is made because of the high energy expended. This might cause the
platform’s elements to experiment with high values of stress, and may also be derived
from a failure of the linear actuators, which operate under many limitations, such as
the payload and velocities. On the other hand, when the energy is kept at the minimal
values, the tracked trajectory is not even close to the expected one (Figure 9c¢), thus highly
increasing the error value. As a final point, notice that even the three presented solutions
are not dominated; they are not applicable from an engineering point of view. However,
this information is a priori unknown, and the desired solutions can only be selected after
the multi-objective optimization.

5. Conclusions

In this work, we introduced a method comprised of two stages for the optimization of
the structure and control of a Stewart platform by considering a task of trajectory tracking.
The purpose of the two stages is to reduce the computational cost by means of partitioning
the three-objective problem into mono-objective and bi-objective sub-problems.

In a first stage, we search for the dimensional synthesis of the structure, reaching a
bounding box of the trajectory that fulfills a dexterity index to circumvent singular posi-
tions. This process is applied to three different trajectories by means of three optimization
algorithms: the BUMDA, PSO, and GA. The BUMDA performs the best most of the time,
with a significant difference for Trajectories a and ¢; meanwhile, for Trajectory b, the best
algorithm is the PSO. Hence, we suggest using the BUMDA for dimensional synthesis
because of its low computational cost and its use of a single execution parameter. Then,
for the second stage, we use the geometry generated by the BUMDA for Trajectory a to
model the geometry of the Stewart platform for the second stage.

In the second stage, we look for the best set of gains of a PID controller using the
simulation software Simwise 4D for the dynamics of the robot. The MOEA /D and NSGA-
III are used for the optimization of the energy and accumulated error. There exists a
conflict between the error and energy; in other words, when the error decreases, the en-
ergy increases, and vice versa. As a result of this optimization, we obtain a Pareto front
approximation and recall that it is unknown until the multi-objective algorithms compute
it. Hence, a posteriori, we detect that the most desirable values for the energy and error
are those that are most balanced, that is to say, those in the middle of the Pareto front.
The associated PID gains for these solutions reveal that the controller acts with a very
small derivative gain, with the highest values in the PI terms. In contrast, for the solutions
with the smallest values of error, the energy is highly increased, resulting in non-desired
oscillations around the trajectory and a very abrupt initial step that might cause the linear
positioners to fail. On the contrary, when the energy is the lowest, the error is the highest,
making the trajectory highly distant from the desired path.

Since the initial population is selected randomly, the results from algorithms vary in
each execution. We executed each algorithm 15 times in the first and second stages to obtain
the best results. The samples obtained from the 15 executions were statistically compared
through the Wilcoxon rank sum test and ¢-tests to show which algorithm performed the
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best for each optimization problem. For the first stage, it was the BUMDA in most of the
cases, while in the second stage, the samples for the statistical comparison were made
with the IGD+ metric because the interest was in measuring how close the Pareto front
approximation was in comparison to the reference front, considering that the best results
are located in the middle of the Pareto front, and the solutions in the extremes are not
desirable in engineering. Based on this perspective, we observed that the MOEA /D
performed better than the NSGA-III in the IGD+ metric, a fact that was further validated
by the statistical tests. In this same regard, the population size and iterations were varied
for the purpose of obtaining the best execution parameters; they were a population size of
50 and 200 iterations.

For the sake of completeness, three metrics were used for the numerical evaluation
of the performance of each algorithm: the Approximate Hypervolume, the Generational
Distance, and the Positive Inverse Generational Distance. The MOEA /D performed the
best in most cases.

In essence, the main contributions of this work are the proposal of the objective
functions and the two-stage method. Furthermore, the implementation of a simulation
of the dynamics contributes to decision-makers in selecting practically feasible solutions
from a set of optimal solutions. Finally, we contributed with the application of metrics and
statistical tests to support the evaluation of the optimization algorithms’ performance and
to provide directions for the adequate metaheuristics for this problem.
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Abstract: Our concern in this paper is in the fine-tuning of the arbitrary parameters within the
upstream turbulence structure for the acoustic spectrum of a rapid-distortion theory (RDT)-based
model of trailing-edge noise. RDT models are based on an appropriate asymptotic limit of the
Linearized Euler Equations and apply when the interaction time of the turbulence with the surface
edge discontinuity is small compared to the eddy turnover time. When an arbitrary transversely
sheared jet mean flow convects a finite region of nonhomogeneous turbulence, the acoustic spectrum
of the pressure field scattered by the trailing-edge depends on (among other things) the upstream
turbulence via the Fourier transform of the correlation function, Ry, (where subscript 2 refers to
a co-ordinate surface normal to the plate). We show that the length and time scale parameters
that govern the spatial and temporal de-correlation of Ry, can be found using formal optimization
methods to avoid any uncertainty in their selection by hand-tuning. We assess various optimization
methods that are broadly categorized into an ‘evolutionary” and ‘non-evolutionary’ paradigm. That
is, we optimize the acoustic spectrum using the Multi-Start algorithm, Particle Swarm Optimization
and the Multi-Population Adaptive Inflationary Differential Evolution Algorithm. The optimization
is based upon different objective functions for the acoustic spectrum and/or turbulence structure.
We show that this approach, while resulting in the total modest increase in computation time (on
average 2 h), gives excellent prediction over most frequencies (within 2-4 dB) where the trailing-edge
noise associated amplification in sound exists.

Keywords: aeroacoustics; trailing-edge noise; global optimization; evolutionary algorithms

1. Introduction

The advent of the jet engine in the mid-twentieth century [1] brought with it the
intrusion caused by aircraft noise to the communities living near airports. In its entirety,
however, the aircraft noise problem is an incredibly complex one [2]. For example, Do-
brzynski [3] shows that the radiated sound on approach for both short and long stage
length aircraft is evenly split between the engine and the airframe. Engine associated noise
is generated from the internal moving surfaces within the engine components as well as
from the exhaust gas emanating at the nozzle exit. The breakdown of the latter results in
both jet noise and jet-surface interaction noise components when the turbulent air interacts
with the airframe, wing edges and other external surfaces.

The trailing-edge component is a particularly dangerous noise source owing to the
large increase in low frequency sound when the observation point is above or below the
plate surface and vertical location (h) of the trailing-edge is of the order of jet diameter,
h ~ D. Experiments on edge noise began in the 1970s by Olsen & Boldman [4] (discussed
below). In the early 1980’s, Wang [5] showed that the presence of an external surface
increased the noise measured on the same side as the jet flow in comparison to the isolated
jet. This amplification of sound due to the interaction with the trailing-edge is mainly at low
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frequencies up to the peak Strouhal number (i.e., the normalized angular frequency, St =
fD/Uj based on jet exit velocity, U; and diameter, D); typically this is at St ~ 0.1. It also
dominates at larger observation angles 6 to the jet axis [6,7]. Bridges’ recent experiments [8]
confirm the work done in the 1970s by Olsen & Boldman [4] and Wang's result by showing
that the amplification in sound perpendicular to the jet axis (i.e., § = 90°) is typically of
the order of 10 dB for a high speed jet at an acoustic Mach number based on the speed
of sound at infinity, Ma = U/ce, of Ma = 0.9. As () reduces, the jet noise contribution
increases until, at shallow angles (e.g., = 30°), the latter jet noise dominates the total
noise radiation signature at almost all measured frequencies; typically this covers Strouhal
numbers, St = [0.01,2.0]. The Bridges’ [8] and Bridges et al. [9] datasets also covered
the parameter range of acoustic Mach number, Ma, edge location with respect to the
nozzle lower lip line and the nozzle shape itself. We briefly summarize these trends now.
(1). The amplification in sound is greater at lower Ma, e.g., at Ma = 0.5 cf. 0.9; this is
consistent with the “dipole’ directionality of the edge noise source. (2). As the vertical
standoff distance, /1/ D, is increased the edge noise reduces in magnitude. At the limiting
condition where /i > D, the amplification in sound due to the edge vanishes and the total
sound owes itself to the jet noise alone. The streamwise location also has an important
impact on the magnitude of low frequency noise amplification. Bridges’ results show that
the edge must be placed in the vicinity of where the jet potential core terminates for the
amplification to reach its greatest magnitude. (3). The round jet appears to result in greater
noise amplification than the high-aspect ratio rectangular (i.e., planar) jet flow [9].

From an analytical and numerical standpoint, a lot of work has been done on this
problem [10-15]. The discontinuity in the solid surface boundary condition can be treated
formally using the Wiener-Hopf technique for a flat plate that is doubly infinite in the
spanwise direction and lies parallel to the level curves of the streamwise mean flow. See
Figure 1 for a depiction of this problem in the (y; — y2) plane. The so-called ‘gust solution’
then acts as the input to an inhomogeneous boundary value problem in which the scattered
pressure field is determined at the output. Goldstein et al. [10-12] used the method of
matched asymptotic expansions at the low frequency limit to construct the gust-induced
boundary condition and the homogeneous solutions to the Rayleigh equation that enter in
the solution to the Wiener-Hopf problem for the acoustic field scattered by the edge. This
solution (Equations (6.26) and (6.27) in [12]) was analytically continued to high frequencies,
and (Equations (6.28)—(6.30)) show that the mean square scattered pressure depends on
the upstream structure of the two-point time-delayed turbulence correlation Ry, where
the subscript 2 denotes the co-ordinate plane normal the plate surface. Just as in acoustic
analogy models of jet noise [16,17], the correlation function is modeled by comparing to a
wide bank of experimental data (see, e.g., ref. [18]) on jet flow turbulence.

U= U(yz: y3)

Scattered acoustic
waves

— Upstream edge at — 0Q

Ve
)

Plate surface
Trailing edge
Figure 1. Canonical trailing-edge noise problem seen in the (1 — y2)-plane.

All models are formulated with arbitrary ‘tuning’ parameters to quantify the degree
of spatial and temporal de-correlation as well as the permanence of a finite anti-correlation
region in spatial and temporal separation [14]. Previous modeling approaches tuned these
scales by hand to obtain good agreement with the acoustic data. In this paper we show
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that this form of empiricism can be avoided entirely by using an appropriate numerical
optimization routine to determine the parameters for an objective function that seeks
to minimize the difference between the functional form of the turbulence model and
turbulence data as well as minimizing the difference between acoustic predictions and
acoustic data.

A (single-objective) optimization problem can be described in terms of minimizing the
objective function J(x, ), where x;(i = 1, 1) are the n design variables which are modified
to find the optimum, and 4 are the state parameters which describe the system [19]. The ob-
jective function may also be subject to (in general) a total (m, p) of (inequality /equality)
constraints that take the form:
gj(x) <0 j=1m M
hk (x) =0 k=1 P

Additionally, the design variables may be bounded (x; ower < X; < X; UpPER, | =
1,n), which are known as side constraints.

Optimization algorithms can find multiple solutions to this problem which are known
as local optima. Hence, the algorithms can be split into two categories: local optimization
methods (which find the local minimum for the starting conditions) and global optimiza-
tion methods (which aim to find the global minimum of the search space). The majority of
local methods use gradient information to find the optimum and there are several methods
to do this [20-23]. However if the problem has multiple local minima, these gradient
methods will converge to the closest minimum not necessarily the global. Each minimum
has a basin of attraction, where a design point initialised within the basin converges to
that local minimum. Hence, local optimization strongly depends on the location of the
initial design point. Global optimization methods aim to find the global optimum, however,
it should be noted that it cannot be guaranteed that the global optimum will be found,
only that it would be if the algorithm could run indefinitely. Global optimization can be
split into three types of algorithm: Multi-Start algorithms, evolutionary algorithms and
deterministic algorithms. Multi-Start algorithms perform local optimizations at different
starting locations, and choose the best local optimum to be the global optimum. Evo-
lutionary algorithms are stochastic and heuristic, they advance a population of design
parameters through the search space to find the global optimum. Deterministic algorithms
typically require manipulation of the objective function and are designed to solve specific
classes of problem [24], an overview of these is described in [25], and will not be further
discussed here.

Optimization methods have been used for this kind of problem in aeroacoustics before,
for example the Multipoint Approximation Method (MAM) [26-28]. This method was de-
signed for computationally expensive and noisy objective functions, so it uses trust regions
and a series of approximations to the objective function. It is similar to the Multi-Start
algorithm in that it uses multiple starting locations, however it differs by approximating the
objective function. In this paper, the objective function is not computationally expensive,
therefore we investigate the Multi-Start method instead.

The rest of the paper is organized as follows. In Section 2 we summarize the general
theory to determine the acoustic field scattered by the trailing-edge and show the final
formula that we use for the subsequent optimization experiments that we perform in
order to fine tune the modeling of the correlation function Ry;. Section 3 then reviews the
various types of optimization that can be used for problems of this type paying particular
attention to evolutionary algorithms. Popular evolutionary algorithms include the Genetic
Algorithm (GA) [29] which was inspired by Darwin’s principle of survival of the fittest,
Particle Swarm Optimization (PSO) [30] which is based on a social model and differential
evolution (DE) [31].

Specifically, we discuss the advantages and disadvantages of three methods (the
non-evolutionary Multi-Start [32-34] , and the evolutionary algorithms: Particle Swarm
Optimization (PSO) [30] and Multi-Population Adaptive Inflationary Differential Evolution
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Algorithm (MP-AIDEA) [35] which is an extension to the original differential evolution
algorithm) for a problem of this type and the results that are obtained for the parameters
under different objective functions for the turbulence and/or final acoustic predictions (i.e.,
when comparison is made to turbulence and/or acoustic data). Finally in Section 4 we
conclude by discussing the applicability of using such optimization approaches in acoustic
modeling problems.

2. Summary of the Mathematical Modeling of Trailing-Edge Noise and Defining the
Objective Functions

Rapid-distortion theory (RDT) analyzes the changes in turbulent flows by using
linearized equations. It is, therefore, ideally suited to analyze the rapid changes that
occur when a turbulent flow interacts with a discontinuity at the boundary of a solid
surface embedded in the flow. It applies whenever the turbulence intensity is small
and the length (or time) scale over which the changes take place is short compared to
the length (or time) scale over which the turbulent eddies evolve. These assumptions
imply, among other things, that the resulting flow is inviscid and non-heat conducting
and is, therefore, governed by the Linearized Euler Equations, i.e., the Euler equations
linearized about an arbitrary, usually steady, solution (the base flow) to the nonlinear
equations. Goldstein et al. [11] showed that the upstream boundary conditions can be
imposed infinitely far upstream in a region where the flow is undisturbed by the interaction.

Goldstein et al. [12] used rapid distortion theory to determine the trailing-edge noise
spectrum above the flat plate (given the Fourier transform of the mean square scattered
pressure [p”®(x,1)]?), denoted by I(x, w) for the axisymmetric jet U(yy) interacting with the
flat plate as depicted in Figure 1, and is given by (Equations (6.26) and (6.27) in their paper):

0 0
2
I(x,w) — 47r|x\ / D(u,#;0)S(u, #; w) du di, 2)

where D(u, i; 0) is the round jet directivity factor determined by application of the Wiener-

Hopf technique (i.e., Equation (13) in Afsar et al. [13]), y; = (y2,y3) are transverse co-
ordinates and,

T 2 ~ 12
(u, ;w pwci)z/ /S u, i, 7; ‘— ddV%\/ dv dd. (3)
- =7

The function S(u, if|v, 7; w) derived in [12] is

dU/du du /di
U (u) U(a)

VuVﬁwz} F(u,ii,v,9) (4)

This result shows, among other things, that S(u, ii|v, 7; w) is directly proportional
to the Fourier transform of the streamwise-independent turbulence statistical quantity,
Ry (i — 1,3 — v; w) which represents the Fourier transform of the two-point time delayed
correlation function of the transverse velocity normal to the plate surface at u = 0 (see
Afsar et al. [13]).

Our starting point is, however, a spectral function F(u, ii, v, ) which is slightly more
general than that used in [12] (Equation (4.22) in their paper). Since correlation functions of
the type Ry, will anti-correlate (i.e., become negative) for some values of its arguments [13],
including such effects means that a mathematical model for Ry must have additional
algebraic behaviour, for example given by the a; term in the following formula

Rop (1) ~ (1—m1)e T, (5)
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where 7 is the time-delay between the two space-time points being correlated far upstream
of the interaction region near the trailing edge as required by the theory in [11]. Hence, the
spectral function, F(u,,v,7), from Equation (4) is given by the following formula:

F(u,i,0,9) =12 A(u, ){(1111)”\/:({7 (FV1+a?) + %

) 4 KiVITaY)
[3 (Kol V15 @) + Kalf VT H @) 1fm ﬂ’

where Ky, K1, and Kj; are the modified Bessel functions of the second kind of order 0, 1, and
2 respectively, A(u, @) is the amplitude function and f = |(i1 — u) /Iy + (0 — v) /I3 controls
the (u,v) de-correlation via the parameters (I, I3).

The objective functions are then defined as the mean squared error between the acous-
tic/turbulence models (Equations (2) and (5)) and the relevant experimental data [36,37] is
given by the following optimization norms:

(6)

*72 X, wl, EA(x,wi,tp))z
1 @)
] (x lIJ N Z R22 X, T, 1/’) - ER(xlTl‘/ 11)))2/

where: N4, Ny is the number of experimental data points we are optimizing against for
acoustics and Ryy respectively, I(x, w;, ) is the acoustic spectrum result using the model
for the ith frequency w;, and E 4 (x, w;, 1) is the corresponding experimental data. Likewise
Roo(x, Tj, ) is the result using our turbulence model at the ith time delay 7;, and Eg is the
corresponding experimental data.

The vector of state parameters (1) is the minimum set of parameters which describe
the system and how it responds to input [19]. Our problem can be thought of as an “in-
put/output system” where an input turbulence spectrum interacts with the streamwise
discontinuity at the trailing-edge and produces noise. The sound radiation will depend
on the acoustic Mach number of the jet (Ma), and the location where the noise measure-
ments take place (far field angle, §, measured with respect to the jet axis and azimuthal
angle, ¢). On the other hand the turbulence correlation function, Ry, is independent of
these parameters, and instead depends on the location where the turbulence is measured
(y1/D,r/D), where y; /D is the streamwise location from the nozzle exit normalized by
the nozzle diameter and /D is the radial location from the jet centerline (> = y3 + y3).
The experimental set-up can be found in several papers [11,12,37].

The O(1) parameters (a1, 13,13, Tp) in the spectral function F(u, i, v, 7) are selected in
order to find the optimum acoustic spectrum predictions across acoustic Mach number
(Ma) and far-field angle 6, whilst maintaining a physically admissible turbulence structure.
In the following sections we discuss the different optimization methods that can be used
to achieve this. Since it was found that there were multiple local minima, only global
optimization routines were considered. The location of the trailing edge (xr£/D,y/D) in
all of the numerical tests investigated below is taken to be the same as Goldstein et al. [12]
(see their Figure 4). In the following sections of this paper, the acoustic spectrum I(x, w) is
calculated in the form of the power spectral density of the far-field pressure fluctuation
versus Strouhal number, which is defined in this case as St = fh/U, and is presented
in the usual dB scale where PSD = 10log(47tI(x, w)U/hp%;) (relative to pys = 20 uPa).
We show results only at the observation point of § = 90° where the trailing edge noise is
largest [36] to illustrate the benefit of optimization.
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3. Evolutionary Versus Non-Evolutionary Optimization Methods

The non-evolutionary Multi-Start method is the most straightforward global opti-
mization routine. It follows on from local optimization in that it simply performs a local
optimization algorithm at several different starting points within the design space [32-34].
The local optima can then be compared to find the global optimum. As the number of
starting points increase, the probability of finding the global optimum also increase. Often,
a Design of Experiments (DOE) is performed prior to Multi-Start to initialise design points
within known basins.

Evolutionary algorithms are specifically designed to work on black box problems,
i.e., they do not need direct access to the inner workings of the objective function nor do
they need gradient information. Consequently, they can be used for non-smooth functions
and it is not required that the programmer knows anything about the structure of the
objective function. Evolutionary algorithms are known to be robust and have a good
chance of finding the global optimum since they advance a fixed population of design
variables through the search space. However, they are computationally expensive and
require the tuning of parameters to solve each problem [24]. There are several types of
evolutionary algorithm, two of the most popular are Particle Swarm Optimization (PSO)
and Differential Evolution (DE).

Particle Swarm Optimization (PSO) [30] was developed from a social model. Each
particle utilizes not only its own past experience to find an optimum but also that of
the group at large. It involves initializing the population and a velocity vector for each
particle. The velocity vector is then updated by including information from the particles
past and from the group. More recently there have been modifications to PSO to better
handle optimization problems with constraints [38]. There are three parameters which
need to be tuned for the specific optimization problem. These are, the inertia parameter
w, and the trust parameters c¢q,c;. The choices of parameters are very important and
some recommendations are given in [39]. This paper uses the default parameters given in
Matlab which adapts the inertia weight within bounds (0.1 < w < 1.1) and uses the trust
parameters (c; = ¢ = 1.49).

Differential Evolution (DE) [31] also initializes a population of design points and
then utilizes information from these points to mutate and find the next generation of
design points. There are several different methods of differential evolution but the ‘classic’
method (DE/rand/1/bin) mutates the design parameters through the equation: x;g =
x§, + F(x5, — x3,) where g is the current generation, i is the individual in the population,
and (11,72, 13 # 1) are random parents in the population. The parameter F is the differential
weight and controls the amplification of the differential, it typically lies within the interval
0.4-1 [40]. The mutation is demonstrated in Figure 2 for two dimensions.

Following mutation, crossover is used to increase the diversity of the population,
after which the parent and child designs are compared and the best is selected to be the
design point for the next generation. The second parameter of differential evolution is the
crossover ratio: 0 < CR < 1, this and the differential weight, F, need to be selected by
the programmer.

There are several variations of the evolutionary algorithms which make them more
complex and robust. An extension of the differential evolution algorithm, which we use in
this paper, is the Multi-Population Adaptive Inflationary Differential Evolution Algorithm
(MP-AIDEA) [35]. This uses multiple populations and combines basic differential evolution
with monotonic basin hopping (MBH) to reduce the risk of converging to a minimum
which is not global, it also adapts the optimization parameters autonomously. It is a further
advancement on the inflationary differential evolution algorithm (IDEA) which only uses a
single population and requires the parameters to be chosen by the programmer [41].
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Figure 2. Example of Differential Evolution mutation in 2D (DE/rand/1/bin) (Adapted by permis-
sion from licensor: Springer Nature, Journal of Global Optimization, 1997 [31] https:/ /www.springer.
com/journal /10898 accessed on 18 February 21).

When a minimum has been found the monotonic basin hopping (MBH) [42] method
generates a new point within the neighbourhood of this minimum (where the neighbour-
hood is defined as 2A). A local search is performed from this point and if the minimum
found is better than the previous one it is chosen and a new point generated in its neighbour-
hood, and so on. If no better points are found for 7154pres then a restart can be performed.

IDEA uses MBH when the population contracts within a radius defined as the contrac-
tion limit (a parameter to be defined), when the population reaches this limit it is unlikely
to be able to escape and search elsewhere in the design space, hence the need for a restart.
Instead of using a local search within MBH it uses differential evolution. MP-AIDEA
adapted IDEA to adjust the main parameters (crossover probability CR, differential weight
F, local restart bubble j,.,;, and the number of local restarts 7 g) autonomously. This
makes the algorithm easier to apply to different problems. For full details of the algorithm
refer to [35]. To adapt the values of 0y, and 7y g the restart of the population needs to be
evaluated, therefore, multiple populations are used and evolved in parallel. The parameter
npr is removed in this algorithm and a procedure to decide whether a local or global restart
should be run is implemented instead. Figure 3 demonstrates the algorithm.

Yes: Global Initialise

Restart — population to
entify clusters L| siart at least
of local minima

Each population: "ﬂﬁglo?ﬂll from

Run DE algorithm Adapt CR, F until ldoes best point lie| center of cluster

for —>{ contraction of > within basin of

Tpop POPUlations population attraction of a perform alocal | | Define @ bubble

known minimum AT 0 QIS around local
Adapt Sjpcar M EarEe s minimum and 1
No: Local i reinitialise
Restart population

Figure 3. Description of the Multi-Population Adaptive Inflationary Differential Evolution Algorithm
(MP-AIDEA).
4. Possible Routes to Minimizing the Objective Function in Equation (7)

There are various approaches to determine the parameters in the spectral function
F(u,1,v,3). One way is by hand as in [12], but here we use the following methods:

Method 1: Optimize the acoustic model to find the 4 parameters.

Method 2: Optimize the Ry; model to find a; and hand-tune the other 3 parameters

for acoustic predictions.
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Method 3: Optimize the Ry model to find a1, and optimize the acoustic model to find
the other 3 parameters.

Table 1 sets out the optimization problem which is to be solved for each method,
where the objective functions ] 4, Jr were defined in Equation (7).

Table 1. Optimization problem statement for each method (hyphens indicate that no optimization
was carried out).

Method 1 Method 2 Method 3
Acoustics Ry Acoustics Ry Acoustics Ry
Objective function Ja(x, ) =0 - - Jr(x, ) =0 Ja(x, ) =0 Jr(x,9) =0
State parameters (1) Ma,6,¢ - - x/D,y/D Ma,6,¢ x/D,y/D
Design parameters (x) a1, h, 13,1 - - a b, 13,70 a
Constraints S - - 2 &3 82

There are no equality or inequality constraints for this problem, only side constraints
which were chosen to be:

§1:0<11 <1, 0<h<5 1<3<10,1<1<10
g2:0<a1<1 (8)
8310<12<5,1<l3<10,1<T0<10

The acoustic spectrum results using these methods will be compared to experimental
results from [37] for three acoustic Mach numbers Ma = 0.5,0.7,0.9 above the plate
(¢ = 90), and at the far field angle (¢ = 90) where jet surface interaction is greatest.

We also compare the Ry, model using the values found for a1 against experimental data
from Bridges [36] at the end of the potential core on the shear layer (y;/D = 6,7/D = 0.5).

To reduce the time taken in optimization, for each acoustic Mach number 30 points
were chosen from the experimental acoustic data (see Figure 4). The acoustic model was
then run for each of these points to calculate the objective function.
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Figure 4. Points chosen from experimental data to calculate the objective function (a) Ma = 0.5
(b) Ma = 0.7 (¢) Ma = 0.9.
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We compare the results from three optimization routines: The Multi-Population
Adaptive Inflationary Differential Evolution Algorithm (MP-AIDEA), Particle Swarm
Optimization (PSO), and Multi-Start. The Multi-Start and PSO optimizations were done
using the in-built Matlab routines. Multi-Start was carried out using 500 starting points.

5. Results

Since the optimization routines are stochastic, they were ran several times for Ma =
0.9,8 = 90 to see if they consistently converged. Figure 5 shows the variance of parameters
found using Particle Swarm Optimization. Likewise, Figures 6 and 7 show the variance of
parameters for MP-AIDEA and Multi-Start respectively. The range of objective function
values corresponding to these parameters obtained from each routine are shown in Figure 8.
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Figure 5. Parameter variance across 10 runs of PSO (a) I (b) I3 (c) 79 (d) a5.

Tables 2—4 compare the parameters found through each method and optimization
routine, the resulting objective function value (fval) and the time taken for the optimization
routine to run.

Table 2. Ma = 0.5, § = 90: Comparison of parameters found from the optimization methods.

Ma =0.5,6 = 90

Method 1 Method 2 Method 3

MP-AIDEA Multi-Start PSSO Hand-Tuned MP-AIDEA Multi-Start PSO
a 0.01 0.10 0.00 0.85 0.85 0.85 0.85
I 2.52 218 2.57 1.30 1.51 1.30 1.49
I3 1.01 1.01 1.00 5.00 1.00 2.50 1.00
ko) 2.61 2.04 2.69 5.00 3.68 3.52 3.54
fval 14.29 15.47 14.24 20.75 15.68 17.90 15.66
Time (s) 9538 6044 7766 - 7098 4700 7507
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Table 3. Ma = 0.7, § = 90: Comparison of parameters found from the optimization methods.

Ma=0.7,6 = 90

Method 1 Method 2 Method 3

MP-AIDEA Multi-Start PsoO Hand-Tuned MP-AIDEA Multi-Start PSO
a 0.59 0.56 0.60 0.85 0.85 0.85 0.85
I 1.39 1.14 1.37 0.90 1.05 0.89 1.06
I3 1.02 3.22 1.00 5.00 1.00 2.80 1.00
ko) 3.71 3.73 3.64 5.00 3.75 428 3.75
fval 491 5.15 4.18 5.70 4.27 5.12 4.26
Time (s) 9596 5841 8944 - 7183 4610 7264

Table 4. Ma = 0.9, § = 90: Comparison of parameters found from the optimization methods.

Ma =0.9, 0 = 90

Method 1 Method 2 Method 3
MP-AIDEA Multi-Start PSO Hand-Tuned MP-AIDEA Multi-Start PSO
ay 0.52 0.56 0.54 0.85 0.85 0.85 0.85
I 0.89 0.82 0.89 0.55 0.68 0.57 0.69
I3 1.22 237 116 5.00 112 9.19 1.07
T 3.54 4.35 3.55 5.00 4.08 5.48 4.08
fval 9.21 9.73 9.20 11.36 9.97 10.48 9.96
Time (s) 9501 5684 14,921 - 7075 4450 7393
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Figure 6. Parameter variance across 10 runs of MP-AIDEA (a) I, (b) I3 (c) 7 (d) a;.
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Figure 9 compares the turbulence correlation function Ry, for methods 1, 2, and 3.

Since the model for Ry, only depends on the parameter a1, methods 2 and 3 give identical
results. In Method 1, a; varies for each optimization routine.
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Figure 9. Comparison of Ry, for different optimization methods and routines (a) Ma
(b) Ma = 0.7 (c) Ma = 0.9.

0.5
Figure 10 compares the acoustic spectrum for method 1 using each optimization
routine. Similarly, Figure 11 compares the routines for method 3. In Figures 12-14 we

compare the acoustic spectrum for methods 1, 2, and 3 using Particle Swarm Optimization,
MP-AIDEA, and Multi-Start respectively.
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Figure 10. Comparison of acoustic predictions using different optimization routines for method 1
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6. Discussion

Method 1 was used to find the four parameters through optimization of our acoustic
model against the experimental data in [12]. Figure 10 shows that the predictions are
particularly good for Ma = 0.7, and Ma = 0.9 for all optimization routines. For Ma = 0.5
Multi-Start gives a poorer prediction due to the change in I3 which affects low frequency
roll-off. From this figure, it is shown that MP-AIDEA and PSO give more or less the same
acoustic predictions for all acoustic Mach numbers.

However, the turbulence correlation function Ry, that we use (Equation (5)) is a
function of a1, and the values for a; that were found from this method for each optimization
routine do not give a good representation of Ry, as shown in Figure 9. The initial decay
is too slow and there is little to no anti-correlation region, this is particularly the case for
Ma = 0.5. Note, that we’ve allowed TU./D — 10 to show where the model goes to zero,
there is no turbulence data at these locations most likely due to measurement difficulties.

In methods 2 and 3, we optimized the Ry, model separately against experimental
data from Bridges (y1/D = 6,r/D = 0.5) [36]. This means that the anti-correlation region
is represented and the initial decay is steeper, as shown in Figure 9 for methods 2 and 3.
Only the initial de-correlation is of interest, therefore we have used a simple model for
Rpy. A different model could be used to capture the oscillations but this would make
the acoustic model much more complicated and have no improvement on the acoustic
spectrum predictions.

For method 3 we use the this Ry, optimized value a; (0.85) in the acoustic model and
then optimize the other parameters against the acoustic data to find the best prediction.
This allows us to find the optimal predictions for the acoustic spectrum while also having
a good representation of the turbulence structure. It results in slightly poorer acoustic
predictions, with the exception of Multi-Start for Ma = 0.7, as noted in Tables 2—4. However,
Figure 11 shows that they still give very good predictions for the level of accuracy that we
require. Since this method also allows Ry, to be better represented, overall it is deemed to
be better than method 1.

In method 2, we also use this value (a7 = 0.85) in the acoustic model and hand tune
the other parameters to find the best prediction. We aimed to find one set of parameters
for all acoustic Mach numbers. However, it was found that due to the level shift in the
acoustic spectrum, one parameter () must change for each Mach number. As this method
did not require different optimization routines, the results are included in Figures 12-14
and is identical in each. We can see that the predictions are similar to methods 1 and 3.
However, hand tuning these parameters is not ideal as it relies on human judgement as to
what is a ‘good” prediction.

It is easy to see in Figures 12—14 that the three methods of optimization give similar
acoustic predictions for all optimization routines, with only Multi-Start giving a noticeable
change in prediction for Ma = 0.5. Note that from Figure 8 only PSO and MP-AIDEA
consistently converged to a minimum objective function value (fval = 9.2), Multi-Start
displayed a more widely varying value, possibly due to the number of starting points
chosen (500). Figure 7 shows that the parameters found for Multi-Start also vary widely
on each run of the routine, hence it is less likely that acoustic predictions found using
Multi-Start are optimal. On the other hand, Figures 5 and 6 show that the parameters found
by PSO and MP-AIDEA respectively, only vary slightly.

We can conclude that our acoustic spectrum model for the trailing-edge noise problem
is ‘parametrically flat’, i.e., the objective function is not noticeably sensitive to the variation
of parameters (I, 13, a1, Ty) within their specified range. Both evolutionary optimization
routines that we have used in this paper have given good results and almost identical
predictions. The time taken in optimising method 1 naturally took longer than method 3
since an extra parameter was being found. In general, it was found that method 1 was faster
using PSO, however method 3 was faster using MP-AIDEA. However, for the number
of starting points that was chosen, Multi-Start was fastest of all, and since the objective
function value was still smaller than method 2, if there was a time constraint which
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restricted the use of evolutionary algorithms, it would be worthwhile to use Multi-Start
rather than hand-tuning the problem.

7. Conclusions

Aeroacoustic models for turbulence interaction problems will always require a set of
parameters that define the rate of temporal and spatial de-correlation. For the trailing-edge
noise problem as illustrated in Figure 1, the acoustic spectrum (Equation (2)) is proportional
to the Fourier transform of the streamwise-independent transverse velocity correlation
function, Rpp (7 — 1, 7 — v; w) via Equations (3), (4) and (6) and depends on O(1) parameters
(Iy,13,a1, ). The latter can be chosen by hand-tuning, however this will not result in a
‘mathematically’ optimal choice of parameters, and could result in under/over prediction
of the acoustic spectrum (as illustrated in Figures 12-14). It also adds to the time taken in
assessing its predictive capability. This paper highlights how optimization routines, both
evolutionary and non-evolutionary, can be used to determine what the optimal parameters
are, resulting in slightly better acoustic predictions (see Figures 12-14). When determining
turbulence-associated parameters in acoustic models for which more than the 3 state
variables considered in this paper (i.e., Ma, 8, ¢) are required, such as in predictive models
of the full jet-installation noise signature, the use of a numerical optimization routine will
become even more beneficial.
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Abstract: The actual behavior of welded T-junctions in tubular structures depends strongly on the
topology of the junction at the joint level. In finite element analysis, beam-type elements are usually
employed due to their simplicity and low computational cost, even though they cannot reproduce
the joints topologies and characteristics. To adjust their behavior to a more realistic situation, elastic
elements can be introduced at the joint level, whose characteristics must be determined through
costly validations. This paper studies the optimization and implementation of the validation data,
through the creation of an optimal surrogate model based on neural networks, leading to a model
that predicts the stiffness of elastic elements, introduced at the joint level based on available data. The
paper focuses on how the neural network should be chosen, when training data is very limited and,
more importantly, which of the available data should be used for training and which for verification.
The methodology used is based on a Monte Carlo analysis that allows an exhaustive study of both
the network parameters and the distribution and choice of the limited data in the training set to
optimize its performance. The results obtained indicate that the use of neural networks without a
careful methodology in this type of problems could lead to inaccurate results. It is also shown that a
conscientious choice of training data, among the data available in the problem of choice of elastic
parameters for T-junctions in finite elements, is fundamental to achieve functional surrogate models.

Keywords: T-junctions; neural networks; finite elements analysis; surrogate; beam improvements;
beam T-junctions models; artificial neural networks (ANN) limited training data

1. Introduction

The utilization of finite element modeling for the simulation of structural components
has become a fundamental part of modern engineering, being utilized in the majority of
industrial fields.

Despite the advances of the finite element analysis (FEA) software and the increased
calculation capabilities, for the modeling of tubular structures in which the length of the
profiles is significantly bigger than the width and thickness of the sections, the beam type
elements are still widely utilized despite their limitations and the fact that they cannot
reproduce the characteristics of the joints neither from the geometrical point of view nor
from the behavioral one. Figure 1 presents the equivalent beam type element Tjunction
that would be utilized for the simulation of the original T1 and T2 junctions.

The joint configuration of these Tjunctions (T1 and T2) has a direct influence on the
behavior of the structures, determining significant behavioral differences depending on the
type and direction of the load. Despite this reality, the beam type element equivalent model
will always be composed of three nodes and three beam type elements. This way all the
geometrical characteristics of the joint get lost into an infinitely rigid node, which represents
a significant shortcoming of these elements in the correct characterization of T-junctions.
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T2

T1

\

Figure 1. Tjunctions equivalent beam type element model.

This issue could be avoided by utilizing shell or volume type elements. However,
these alternatives are feasible only for small models, which is not the case when common
tubular structures such as buses upper modules, bridges, support structures, or similar big
structures need to be modeled. The complexities of the modeling process along with the
increase in computational resources due to the increment of nodes make these alternatives
unfeasible for general industrial use.

The magnitude of this issue is illustrated in Table 1, in which a comparative analysis
is performed based on the number of nodes and degrees of freedom for a simple T-junction
of 1 m by 1 m having a standard square hollow profile of 40 mm x 40 mm X 4 mm
presented in Figure 2. The table presents the comparative analysis of the T-junction,
modeled using beam, shell and volume element types, for comparative purposes, the three
models where meshed using 4 mm first order elements. The resulting number of nodes are
a consequence of the meshing dimension and the degrees of freedom are calculated taking
into consideration the mathematical formulation of the elements. In the case of the beam
and shell elements we have 6 degrees of freedom (DOF) per node and in the case of the
volume type elements we have 3 DOF per node. A comparative evaluation criterion taking
into consideration the complexity of the modeling process and the precision of the results,
based on the experience of the authors for modeling structures. The value is calculated as
the product between the DOFs and the complexity of the modeling process along with the
precision of the results (Table 1).

Table 1. Comparative analysis between characteristics of T-junctions modeled with beam, shell, and
volume type elements.

Element No. of DOFs Complexity of Results Evaluation
Type Nodes Modeling (1-3)  Precision (1-3)  Coefficient
Beam 910 5460 1 3 16,380
Shell 19,520 117,120 2 2 468,480

Volume 36,144 108,432 3 1 325,296
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40 mm

l 40 mm

f

4 mm

Figure 2. Analyzed Tjunction with the cross section detail.

From the previously presented results, it can be seen that, despite their limitations,
the beam type elements represent the most feasible alternative when analyzing tubular
structures in which the relation of the length and the profile dimensions is quite significant.
Due to the above, it can be concluded that the calculation of complex tubular structure
(buses, bridges, and railway carriages) is significantly simplified by using beam-type
elements. This is why, these elements have been widely recommended [1-3] for modeling
large tubular structures.

However, despite being recommended and widely utilized in the industry, the beam
formulation is simply not designed to take into account and reproduce the behavior of real
joints, since all the elements that reach the same joint are joined in a single infinitely rigid
node [4-6]. Furthermore, beam-type elements cannot represent the topological character-
istics of the joints and do not differentiate between joints that are apparently similar, but
with different topologies. Therefore, there is a clear necessity for the improvements of the
beam modeled T-junctions.

One of the improvement solutions proposed in order to avoid ignoring the specific
characteristics of the joint topologies was the introduction of elastic elements at the joint
level when modeling T-junctions. In [4] it was shown that the flexibility of the joints has a
determining influence on the behavior of the analyzed structures and could not be ignored.
Later, in [5] it was again confirmed that ignoring the influence of joint stiffness on structural
behavior was a mistake. In this case, it was shown that, when the stiffness of the elastic
elements in the joint exceeds a certain maximum value, the total deformation energy of the
vehicle is insensitive to the joint.

Furthermore, in [7], Lee presented the hypothesis that the behavior of welded joints
was elastic and linear, obtaining a general methodology for the model of joints. Applying
this, in [8], three rotational springs were introduced into the joints with the aim of opti-
mizing vehicle structures. This way, the deformations that could occur in the joints due to
torsional or bending moments were considered. In contrast, infinite stiffness values were
assumed in the axial directions, this study showed that it was possible to obtain better
approximations with this approach and validated modal calculations with experimental
modal analyses. The introduction of elastic elements when modeling beam T-junctions has
a fundamental advantage since it provides the possibility to modify the overall behavior
of the structure while maintaining the mass distribution of the input model, having the
downside of requiring the adjustment of the appropriate stiffness values which would lead
to the need for expensive experiments.

Another alternative was to model beam T-junctions with variable stiffness in the
adjacent regions to the joints, this was proposed in [9] since the rigidity of the joint is
much greater than the surrounding area. Later, in [10] the idea was reformulated by using
partially rigid beams. Taking advantage of this new concept, in [11] H-shaped structures
with rectangular hollow profiles were studied and partially rigid beams were used at
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their joints, the model was validated through modal correlation with good results. The
same methodology was applied in [12] for the optimization of a three-dimensional bus
structure formed by hollow rectangular profiles of 40 mm x 40 mm x 3 mm. To do this, it
was necessary to perform a sensitivity analysis to identify the joints that had the greatest
influence on the overall behavior of the structure, this way, partially rigid beams were
progressively introduced in the most important regions. Alternatively, a new technique
was proposed in [13]. In this case, the parameters of the elements near the joint were
modified. This approach of the problem is similar to the previous one, but also allowing
the modification of the mass and rigidity independently.

Given these limitations, some authors have used shell or volume type elements as an
alternative for the study of the joints, modeling the rest of the structure with beam type
elements, these elements allow the characteristics of the joint to be modeled more accurately.
In [14] the shell element model was applied to tubular joints and major improvements
were reported. In [15] the models of a single beam with shell elements were compared
against the same shell and beam modeled and it was shown that hybrid modeling could
reduce the number of elements without compromising the results.

The same approach has been applied to the analysis of structural joints in cars. Thus,
hybrid modeling has led to satisfactory results [14,16,17] in this field, however, the appli-
cation of this hybrid technique to larger models (e.g., hollow beam structures in buses) is
unattractive, since it would be necessary to specifically model a large number of joints,
which leads to a substantial increase in the model preparation time and more computational
resources by increasing the number of elements in the model.

In their study [18] developed an alternative beam T-junction model that allowed
them to obtain more precise deformation results when utilizing beam type elements, also
allowing them to take into consideration different Tjunction configurations. Their focus
was to improve the results provided by beam type elements when simulating structures
that by their characteristics cannot be realistically simulated with anything but beam type
elements due to the complexity of the modeling process, the computational requirements
or other practical aspects. The authors proposed an alternative beam model in which they
introduced a total of six elastic elements at the joint level along with a complete methodol-
ogy based on finite element methodology (FEM) comparative analysis that allowed them to
improve the behavior of the modeled T-junctions in terms of displacements. This proposal,
however, required the user to reproduce the complete methodology in order to obtain six
stiffness values for each individual modeled Tjunction making it somehow not attractive
when having to characterize a wide variety of T-junction combinations. Figure 3 presents
the alternative beam T-junction model proposed and utilized by [18]. This Tjunction
introduces a total of six elastic elements at the joint level, three of them behaving as linear
springs (represented by the letter k) and noted with the sub index ux, uy, and uz correspond-
ing to (1) displacement and (x, y, z) the axial directions and another three corresponding to
() rotations along the (x, y, z) axial directions.

E1 E3
Kux, Kuy, Kuz +——)> R —
Krx, Kry, Kz
E2 E2
v

B

/4 &

Figure 3. Alternative Tjunction model.
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This approach was also used by [19], in which multiple simulations utilizing the most
common profiles found in buses and coaches upper structures were performed, followed
by a statistical analysis in order to obtain regression models for the calculation of the
stiffness values for the alternative T-junctions, based on the profile dimensions (E1, E2, E3,
g1, and g2). They utilized a Bayesian Kriging regression model that provided satisfactory
results, however, the regression equations obtained were notably complicated having, in
some cases, more than 33 terms per equation, making them impractical for everyday use in
the wide industry. These regressions were obtained with a MISO (multiple input, single
output) approach in which a total of six regression models had to be calculated, one for
each kyyx, kuy, kux, krx, kry, and k;, stiffness value, leading to the necessity of any potential
user to use six complex equations for the estimation of the stiffness values for a single
T-junction type.

From the previous studies it can be concluded that it is possible to make an adjustment
of the existing data coming from analysis by finite elements in complicated models. In
this way, the time and effort needed to carry out new simulations for sets of junction
parameters not previously studied can be drastically reduced. Unfortunately, the basic
laws that allow for optimal adjustment are not known. In this sense, artificial neural
networks (ANN) surrogate models allow, from sufficient known training data, to infer
the unknown laws behind the analyzed data. The use of ANNSs is not new. There are
countless studies that have applied them to the most diverse applications. Specifically, in
the last years, the development and implementation of neural networks for the evaluation
of multiple processes with a pronounced non-linear behavior has become a reality [20].
ANN have also been utilized along with finite elements such as in [21] where the authors
implemented their use with good results in the evaluation of damage detection in bridges.
In [22], ANN was used to simplify contact estimation models in ANSYS®. In [23] the use
of response surface and ANN models was successfully evaluated against other methods of
structural reliability analysis. In addition, ANNs can generate valid surrogated models,
based on data obtained from finite elements, to evaluate such complicated issues as noise
reduction in braking systems, with very high accuracy [24].

Taking into consideration the benefits of the implementation of neural networks
for finite element analysis, the authors considered of great interest the development of a
methodology for the estimation of the stiffness values utilizing ANN as an alternative to the
utilization of Bayesian Kriging regressions similar to those utilized in [19], that provided
satisfactory results although not realistic from the practical point of view due to the
complexity of the obtained equations. In fact, ANNs have been used as a valid alternative to
such Kriging networks in various articles for the creation of metamodels [25,26] providing
very satisfactory results.

This article studies the application of ANN in the creation of surrogate models that
allow inferring the information obtained from complicated finite element models, such
as those obtained in the analysis of optimal stiffness to predict the behavior of T-welded
junctions. The biggest problem when trying to replace finite element modeling with
surrogate models is that a lot of training data needs to be obtained for the prediction to be
reliable. However, obtaining this data is often very costly in time and effort. There is also
uncertainty about how the ANN should be created to learn effectively and be useful for
unknown finite element models.

This article presents a detailed study, leading to the presentation of a new methodology
for the creation of surrogate models (or metamodels) based on data obtained from finite
element calculations. The particularity in this case is that the number of initial data, for
the training of the model, is very limited. Few training data can make the model a failure.
However, as mentioned, this is usually a common situation in FEM due to the high time
of creation of FEM models and their calculation. The possibility of creating models that
can learn from these “few” data obtained from FEM calculations, using them in an optimal
way, can allow to obtain more precise models and enable the use of ANN to cases with
limited data.
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The rest of the article is distributed as follows: Section 2 presents the methodology
followed for the determination of the ANN topology and the optimal use of the available
data; Section 3 describes the results and the analyses obtained, which are discussed in
Section 4. Finally, Section 5 presents the conclusions, applicability, and future lines.

2. Methodology

Using the same data from [19] the experimental design for the neural network anal-
ysis had a five dimensional input and six dimensional output, where the input values
represented the dimensions of the analyzed T-junction profiles (E1, E2, E3, g1, and g2) and
the output values represented the calculated stiffness values for the alternative T-junction
model having 3 axial spring (kux, kuy, kuz) and 3 rotational springs (k. kry, k) at the
junction level as presented in Figure 3.

This data is based on hollow rectangular profiles commonly utilized in the buses and
coaches upper structures, focusing the study on a total of 243 profile combinations for two
different Tjunction configurations named T1 and T2 presented in Figure 1.

The 243 input values were obtained by getting all of the possible combinations for the
five input variables, each variable having 3 levels as presented in Table 2.

Table 2. Input base variable values.

E1 E2 E3 g1 g2
(mm) (mm) (mm) (mm) (mm)
40 40 40 2 2
60 60 60 3 3
80 80 80 4 4

As can be seen in the previous table, the input data is staggered and only provides
information about the studied process for specific values, leaving significant empty spaces
between variables as can be seen in Figure 4, in which the utilized input values for the
E1-E3 characteristics are plotted in a 3D graphic.

20 - 80
20 60

© 0 e .
8 90 10 20 E2 (mm)

E1(mm)

Figure 4. Three dimensional plot for the E1-E3 utilized values.

Since the base methodology requires comparative FEM analysis between beam and
shell modeled Tjunctions, for example adding 2 additional thicknesses for the g1 and
g2 variables, would require a total of 675 comparative simulations for each one of the T1
and T2 junctions determining a significant increase in the required computational time.
This leads to a situation in which predictive models need to be constructed from a limited
amount of staggered input data, in which a proper selection of the neural network training
data is of paramount importance. To illustrate that, Figure 5 presents the average error
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obtained for 50 different neural networks, constructed using different training data sets
versus using the same training data set. This error is determined for each neural network
as the average difference between the network output values and the target outputs of the
validation data obtained from FEM models. As it can be seen, although both cases reach
the same average error (0.072), the standard deviation is almost one order of magnitude
higher in the case of neural networks constructed using different training data, evidencing
the importance of a proper selection of this data.

0.14

Different training sets: mean = 0.072 std.dev. = 0.015
— — —Same training sets: mean = 0.072 std.dev. = 0.0018

o
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o

Avg. error
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ANN number
Figure 5. Neural network error dispersion comparison between using same versus different

training data.

This behavior motivates a more detailed study of the performance of neural networks
with respect of the chosen data set. To carry out this study it was necessary to decide
the topology and design of a neural network that could be effectively trained from few
input data. In a neural network, the increase of hidden layers and nodes in each layer,
requires a lot of training data to avoid the known problem of over fitting. As the number
of training data is very limited in our case the network was kept simple, with only one
hidden layer and a limited number of nodes (1 to 20) within that layer. In addition,
to check the performance of the neural network, the initial data were divided into two
subsets. The first one was dedicated to the training of the network (75% of them) and the
second one to its validation (25%). Usually, the distribution of training and validation
data is around 50% in cases where there are large amounts of data. However, in this
case, due to the high cost of obtaining additional training data, it was decided to vary the
standard. The rest of the parameters and functionality of the neural network were also
kept simple. For the comparison between the outcome between neural networks a limit
of 2000 training iterations (epocs) was taken, with a learning rate of 0.1. The activation
function of the neurons was the hyperbolic tangent sigmoid, and the training was based on
a Levenberg-Marquardt backpropagation algorithm, Figure 6 presents the characteristics
of the ANN.

Input layer Hidden layer 1 Output Layer
(5 nodes) (1-20 nodes) (6 nodes)

Figure 6. Characteristics of the ANN evaluated.
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As mentioned, the limitation of training data has a fundamental influence on the
choice of the type of neural network to be used, its topology and its configuration, since
it can cause the network not to learn the pattern behind the data, or to learn it too well,
fitting perfectly to the training data, but offering very poor results in the validation data.
This effect is called over fitting and it is critical to avoid it. The goal is to train with as much
data as possible and to learn in a robust way and to reduce the error in the validation data.

But, apart from the issue of reasoned choice of network topology, there is the major
problem of optimal selection of training data. Since there is so little training data, the
information that such data provides about the behavior of the welded T-joints is very
valuable. The choice of which data should be used for network training and which data
should be used for validation has a critical influence on the result of the analysis. Therefore,
the choice of which data will go to 75% of the training set should not be made at random in
this type of problem. At this point, the choice of suitable training sets is not evident. For
this reason, a thorough study is needed to shed light on this point.

In this sense, next sections show the results of this complete study, where a total
of 1000 different training data sets were used to construct the neural network, leading
to a total of 20,000 different neural networks for each joint configuration. Input layer
consisted of 5 neurons containing input information of the joint dimensions (E1, E2, E3,
g1, and g2, see Figure 3 and Table 2). For the output layer both MISO (multiple input
single output) and MIMO (multiple input multiple output) models were initially explored.
Both approaches showed very similar results, so it was decided to focus on MIMO models
due to the obvious computational cost saving of not having to construct independent
neural networks for each output. Thus, output layer consisted of 6 neurons with the 6 DOF
spring rates (kux, kuy, kuz, krx, kry, and k;z, see Figure 3). Due to the different behavior of the
different joint configurations, independent neural networks were analyzed for T1 and T2
junctions (Figure 1). The following Figure 7 shows a block diagram with the methodology
used to construct and check the performance of each neural network. As it is shown, the
same input data with the geometric information that was used to construct the beam and
shell FEM models and obtain the spring stiffness, is used to feed the neural networks,
which are constructed using 1000 randomly chosen trained sets, and 1 to 20 neurons in its
hidden layer. For each network, the average error is recorded, which is obtained as the
mean absolute difference between the predicted and correct outputs of the validations set
(remaining 25% of the data).

FEM comparative

o analysis Kux, Kuy, Kuz
» Beam - Shells 1 krx, Kry, krz

[

Average
absolute error|
ANN :
eometric input data} .| Hidden layers calculation

E1, E2, E3, g1, g2 > from 1 to 20 ™ - Best Final
MIMO l;(-fm, llt(ur: L‘: Tesults P

Traning data sets
from 1 to 1000

Performance based iterative loop

Figure 7. Block diagram of the applied methodology for the selection of the best ANN.

Finally, once the complete methodology is executed, the best performance networks
are selected for further analysis in order to validate the selection methodology proposed.

3. Results and Analysis

In the following subsections, the most relevant information, and the obtained results
of the application of the methodology will be presented.
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3.1. Neural Networks Behavioral Analysis Results

This section shows all relevant findings encountered during the application of the
methodology itself. It should be noted that, although of great interest to understand the
behavior of the data, the analysis presented in this section in not strictly necessary to run
the methodology since it does not affect the network selection, which ultimately depends
in the overall average error.

In relation to the performance of the neural network with respect to the number of
neurons, Figure 8 shows the average error obtained for each spring and joint configuration,
averaged over the 1000 training data sets utilized. As it can be seen, the minimum error
values are generally obtained for a number of neurons that ranges approximately between
5 and 10. It can be also noticed that the error level is highly dependent on the spring
direction and the junction configuration.
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Figure 8. Average errors in comparison to the number of nodes in the ANN (1000 networks).

Although in some cases the average error reach minimum values for more than
10 neurons, it was observed that the variability of these errors increased significantly as
the number of neurons is increased, and that some outputs with extremely bad predictions
where obtained. In this regard, Figure 9 shows the number of networks observed with
an average error above one, identified as outliers. It is clearly noticed that from about
10 neurons, outlier results start to increase. In general, springs with better performance
show fewer networks with exceptionally high errors.
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Figure 9. Outlier networks with respect to the number of neurons.
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With respect to the performance of the networks regarding the training data, it was
noticed a dependency among the number of neurons, i.e., if any network performs opti-
mally for a given number of neurons, it will show the same tendency for the rest number of
neurons. To assess this, the 1000 networks were ranked from 1 (least error) to 1000 (highest
error) for each direction and number of neurons. If a given training data shows similar
rankings for all number of neurons, it would mean that such dependency of the perfor-
mance with respect to the number of neurons exists. On the other hand, if the rankings
from 1 to 20 neurons approach to a uniform distribution, it would indicate not dependency
at all. This behavior was quantified by means of the standard deviation of the rankings in
Figure 10, for both junction configuration and spring direction. It is noticed that dispersion
of rankings is always significantly lower than the one for uniform distribution (o = 288.6),
and that it is especially low for networks that show best or worst rankings, meaning
that dependency is especially high in these cases. As expected, behavior differences are
observed between junction configuration and spring direction.
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Figure 10. Network ranking dispersion with respect to the number of neurons.

Additionally to the relation of the network performance with respect to the number of
neurons, possible dependency with respect to the spring directions were also assessed to
check if a given network that performs optimally in one direction, should show the same
tendency for the rest of directions. To quantify that in an equivalent manner, standard
deviation of the rankings with respect to the spring directions were obtained for each
number of neurons, as shown in Figure 11. For the sake of clarity, and since the behavior was
found to be very similar for all number of neurons, only results for 1, 5, 10, and 15 neurons
are included. In this case, it is observed that for mid rankings, no significant dependency
between directions can be stated, since dispersions approaches to the one of uniform
distribution. In contrast, extreme rankings show once again lower dispersion, meaning that
networks with worst and best results will show dependency between spring directions.
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Figure 11. Network ranking dispersion with respect to the spring direction.

Finally, a detailed analysis of the characteristics of the networks that showed the best
results was carried out in order to evaluate if there is any affinity among them regarding
the input data and variable values. To do so, the 10 best overall ranked networks were
selected for both T1 and T2. Later, the input data that was present in at least 8 out of the
10 for all directions were accounted. These data are highlighted for the 243 input data
(abscissa), and for each spring direction (ordinate), for both T1 and T2 in Figures 12 and 13,
respectively. It can be noticed that there are certain input data that appears systematically
in all best performance networks (14 data inputs are shown for T1 in Figure 12, and 13 data
inputs are shown for T2 in Figure 13), regardless the spring directions. It is also noticed
that such data are different for T1 and T2 junction configurations.

20 25 20 25 20 28

Figure 12. Data frequency graph in the 10 best performance networks for T1. Most used 14 input
data are shown.
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Figure 13. Data frequency graph in the 10 best performance networks for T2. Most used 13 input
data are shown.

Furthermore, the values of the geometric variables contained in these input data
that appeared systematically in at least 8 out of the 10 best performance networks (14 in
Figure 12 and 13 in Figure 13) are analyzed in Figures 14 and 15 for T1 and T2, respectively.
The figures show the frequencies of each parameter value. It is noticed a clear tendency
to certain values for some of the parameters. Junction configuration T1, for example,
takes preferably lower values of E2, and higher values for E3 and g1; meanwhile, junction
configuration T2 shows preference for lower values of E1 and E2, and higher values for g1.
A priori, no physical meaning to explain this behavior and, its differences between junction
configuration, was found.
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Figure 14. Variables values of frequent input data in best performance networks—T1.
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Figure 15. Variables values of frequent input data in best performance networks—T2.

From the evaluation of the 1000 different networks, the best overall for T1 and T2 was
selected for validation. Since no performance improvement was observed from around
10 neurons, and in order to avoid isolated high error values, the selection was limited
to a maximum of 10 neurons. The selected ones were a 9 and 10 neuron network for T1
and T2, respectively, that performed with overall average errors of 0.039 and 0.035. The
corresponding neuron weights are gathered in Tables 3 and 4 (for T1), and in Tables 5 and 6
(for T2).
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Table 3. Input layer to hidden layer weights for T1.

Hidden Layer Neuron

1 2 3 4 5 6 7 8 9
E1l 17.68 —0.52 0.38 0.90 —0.38 —0.38 0.05 —0.74 3.50
Input E2 —1.49 —0.01 —0.02 1.75 0.02 0.83 1.50 0.21 6.05
laper E3 0.90 -0.15 —0.96 —1.34 0.96 —0.97 1.03 1.61 —4.16
Y g1 0.79 —0.73 3.25 —0.32 —3.23 —0.48 23.36 0.66 —1.60

32 —0.30 —0.05 —0.81 —0.28 0.81 0.09 1.15 0.83 0.06

Table 4. Hidden layer to output layer weights for T1.

Hidden Layer Neuron
1 2 3 4 5 6 7 8 9

kux —0.63 —0.68 —5.86  —286.73  —5.85 —44.07 —0.07 10.83 0.82
kuy 030 —0.44 21.54 —10.59 21.43 4236 0.21 18.12 —0.01
Output kuz  —3.08 —0.16 2.93 6.33 2.94 —24551 —0.01 22.29 —0.20

layer ke 094 —0.10 30.83 —117.97 30.96 103.39 0.01 157.71 0.19
kry —0.43 0.08 3.82 19.53 3.83 —154.39 0.01 21.58 —0.36

k. —0.13 —0.26 22.90 —42.41 22.81 29.46 0.21 37.62 0.07

Table 5. Input layer to hidden layer weights for T2.

Hidden Layer Neuron
1 2 3 4 5 6 7 8 9 10
E1  —0.05 0.41 —0.21 0.53 0.13 —0.34 043 15.70 2.01 —0.13
Input E2 —1819 -0.06 0.00 1.01 0.12 0.96 —-2.03 267 -219 -0.12
lager E3 0.34 —0.08 0.05 -1.18 0.21 —0.65 0.33 —3.50 —48.09 —0.22

gl 2036 0.13 0.09 —0.45 0.37 -0.09 -—-142 -0.83 2188 —0.35
g2 20.00 0.24 -0.72 0.23 0.19 —0.51 222 -0.77  -2575 —0.20

Table 6. Hidden layer to output layer weights for T2.

Hidden Layer Neuron
1 2 3 4 5 6 7 8 9 10

kpe —0.02 9115 4478 18.55  —-56.35 —9222 0.26 3.80 -0.01 -77.39
ky —006 1877 2616  —554 14337 27.15 0.06 —-9.37 —-0.01 186.32
Output  k,, —001 —059 1425 —128.62 —3406 -16127 —020 —31.99 0.04 —49.50
layer kx 0.01 —14.05 —52.31 1167 —2838 4826 0.86 —578 —0.01 —43.06
kry 0.00 —3.27 3.02 52.74 2407 -211.65 —0.35 —93.02 0.03 —34.27
k.  —0.06 472 1556  —2293 14942 18.68 0.03 —16.70  0.00 194.29

3.2. Analysis of Selected Neural Network

Although global evaluation of the 1000 different training data sets was based on
averaged errors and dispersions, a more detailed look on the network estimations becomes
necessary to complete the analysis and assess the capability to properly predict the vali-
dation outputs. In this regard, Figures 16 and 17 show the correct and estimated outputs
of the selected networks for T1 and T2, respectively. A general good fit can be observed.
It is noted that there are significant differences in the precision of some spring directions,
especially for T2 joint configuration, where UX, UY, RX, and RZ show an average error of
approximately one third with respect to the rest of directions. In any case, the worst-case
average error keeps below 7% regardless spring directions and junction configurations
(6.7% for RY in T2), which already supposes a significant error improvement with respect to
the original deviation in beam type structural models, which can reach up to 90% according
to [19].
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Figure 16. Validation results—T1.
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Figure 17. Validation results—T2.

4. Discussion

A neural network-based approach is presented as an alternative to Bayesian Kriging
regressions for improving the accuracy of beam type element structural models. Due to the
limited amount of input data, an adequate selection of the training set was proved to be
fundamental in order to get valid results. In this regard, a methodology that deals with
this reality and ensures a valid choice of the training data was also developed.

The notable amount of information generated during the application of the method-
ology allowed a more profound study of the behavior and performance of the different
neural networks constructed. Such study is not strictly necessary to run the methodology
since it has no influence on the best network selections. Nevertheless, the information
obtained can be of great interest to increase the understanding about the input data and
the behavior of the networks, and thus be utilized in futures related studies.

The obtained results show that there is a general increase in the accuracy of the
networks when increasing the number of neurons up to 4 to 5. The optimal number of
neurons was observed to be dependent on the joint configuration and the elastic element
direction, ranging from 6 to 10, the use of more neurons increases the risk of obtaining
isolated extremely bad predictions, probably due to over fitting.
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It was also found that there is a clear correlation between the accuracy of the network
with respect to the number of neurons, meaning that if a certain training set presents high
precision for a given number of neurons, it will also present the same tendency for the rest.
With respect to the correlation of the accuracy of the networks with respect to the elastic
element direction, it was only observed for extreme ranked networks, i.e., only if a given
network is one of the best (or the worst) ranked for a specific direction, it will also tend to
be one of the best (or the worst) for other directions. Both T1 and T2 joint configurations
showed very similar behavior regarding these dependencies.

Additionally, there were located specific input data that appeared systematically in
the 10 most accurate networks, regardless the spring direction. Although the same was
observed for both joint configurations, the data that appeared systematically in T1 and
in T2 were different. It was also found that these data had preference to contain certain
variable values in the case of T1, lower values of E2 and higher values for E3 and g1 where
observed, while T2 showed preference for lower values of E1 and E2, and higher values
for g1.

A priori, no physical meaning was found to explain the behavior of the networks
for this data. Consequently, it cannot be stated that similar behavior should be noticed
in other structural problems. Future works would be needed to prove if these tendencies
apply to data sets of similar problems or could be even extensive to data sets of completely
different nature.

After running the 20,000 neural networks of the methodology, the least error networks
for T1 and T2 were selected for validation. As it was proven, from about 10 neurons
no accuracy improvement was observed at the same time the deviations on isolated
predictions increased, so such selection was limited from 1 to 10 neurons. Validation results
showed that some spring directions predictions were very close to the reference values,
with average errors around 2%. The highest average error was of 6.7% corresponding to
the Ry elastic element of the T2 junction.

From the performed study, it can be concluded that neural networks represent a solid
alternative to the Bayesian Kriging regressions for the accuracy improvement of structural
models constructed with beam type elements, as long as a proper selection of the training
data set is assured through the presented methodology.

The present study provides a detailed insight on all the relevant aspects and difficulties
that could be encountered when applying neural networks for the estimation of the elastic
element stiffness in the alternative beam Tjunction model studied. At the same time, it
evaluates real aspects such as the generation of ANN with a reduced number of training
data, the high sensitivity of the process to the selection of the initial sampling for training,
and the deviation ranges that would be considered as acceptable so that any potential user
could apply this methodology with a significant amount of confidence.

The interactions that take place at the joint level of T-junctions are complex and
depend on the geometry of the junction, the type of loads and their direction. As it was
pointed in the literature, these interactions are hard to characterize, and thus the alternative
of presenting a complete methodology for the improvement of these T-junctions with a
significant degree of confidence suppose a valuable tool for the structural design using
finite element models.

5. Conclusions

In this paper the behavior of welded T-junctions in tubular structures was studied with
the purpose of improving their behavior by means of artificial neural networks trained
with finite element models. The topology of the junction at the joint level determines
significant behavioral differences that cannot be taken into consideration with regular
beam type elements.

To adjust their behavior to more precise results, elastic elements were introduced at
the joint level, characterizing their stiffness utilizing artificial neural networks. In this
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paper the optimization and implementation of the validation data, through the creation of
an optimal surrogate model based on neural networks was presented.

The results led to a model that predicted the stiffness of these elastic elements, in a
satisfactory manner. The paper also focuses on how the neural network should be chosen,
when training data is very limited and, more importantly, which of the available data
should be used for training and which for validation.

The results indicated that the use of neural networks without a careful methodology
in this type of problems could lead to inaccurate results.

The present work, more generally, is applicable to many other applications where
there is insufficient training data (or data that costs a lot of time or money to obtain). This
situation occurs in experimental trials, where the manufacture and use of the necessary
test equipment to obtain more data is limiting. Furthermore, this situation appears in the
computational calculation of complicated FEM or computational fluid dynamics (CFD)
models, where a complicated calculation can take several hours and days and obtaining a
large pool of data to train a neural network is pure utopia. In this sense, the methodology
presented in this paper would be applicable to all these cases where data availability is
scarce. The work presented is part of a broader development, where in the future it is
expected to apply this methodology to larger problems based on this type of profiles, such
as the study of bus structures.
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Abstract: Worst-case scenario optimization deals with the minimization of the maximum output in
all scenarios of a problem, and it is usually formulated as a min-max problem. Employing nested
evolutionary algorithms to solve the problem requires numerous function evaluations. This work
proposes a differential evolution with an estimation of distribution algorithm. The algorithm has
a nested form, where a differential evolution is applied for both the design and scenario space
optimization. To reduce the computational cost, we estimate the distribution of the best worst
solution for the best solutions found so far. The probabilistic model is used to sample part of
the initial population of the scenario space differential evolution, using a priori knowledge of the
previous generations. The method is compared with a state-of-the-art algorithm on both benchmark
problems and an engineering application, and the related results are reported.

Keywords: worst-case scenario; robust; min-max optimization; evolutionary algorithms

1. Introduction

Many real-world optimization problems, including engineering design optimization,
typically involve uncertainty that needs to be considered for a robust solution to be found.
The worst-case scenario optimization refers to obtaining the solution that will perform best
under the worst possible conditions. This approach gives the most conservative solution
but also the most robust solution to the problem under uncertainty.

The formulation of the problem that arises is a special case of a bilevel optimization
problem (BOP), where one optimization problem has another optimization problem in its
constraints [1,2]. In the worst-case scenario case, the maximization of the function in the
uncertain space is nested in the minimization in the design space, leading to a min-max
optimization problem. Therefore, optimization can be achieved in a hierarchical way.

Min-max optimization has been solved by classical methods such as mathematical
programming [3], branch-and-bound algorithms [4] and approximation methods [5]. These
methods have limited application as they require simplifying assumptions about the fitness
function, such as linearity and convexity.

In recent years, evolutionary algorithms (EAs) have been developed to solve min-max
optimization problems. Using EAs mitigates the problem of making specific assumptions
about the underlying problem, as they are population-based and they directly use the
objectives. In this way, they can handle mathematically intractable problems that do not
follow specific mathematical properties.

A very popular approach to solve min-max problems with the EAs is the co-evolutionary
approach, where the populations of design and scenario space are co-evolving. In [6], a
co-evolutionary genetic algorithm was developed, while in [7], particle swarm optimization
was used as the evolution strategy. In such approaches, the optimization search over the
design and scenario space is parallelized, reducing significantly the number of function
evaluations. In general, they manage to successfully solve symmetrical problems but
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perform poorly in asymmetrical problems by looping over bad solutions, due to the red
queen effect [8]. As the condition of symmetry does not hold in the majority of the problems
[definition can be found in Section 2, they become unsuitable for most of the problems.

One approach to mitigate this problem is to apply a nested structure, solving the
problem hierarchically as for e.g., in [9], where a nested particle swarm optimization is
applied. This leads to a prohibitively increased computation cost, as the design and sce-
nario space is infinite for continuous problems. Min-max optimization problems solved
as bilevel problems with bilevel evolutionary algorithms were presented in [10], where
three algorithms—the BLDE [11], a completely nested algorithm, the BLEAQ [1], an evo-
lutionary algorithm that employs quadratic approximation in the mappings of the two
levels, and the BLCMAES [12], a specialized bilevel CMA-ES—known to perform well in
bilevel problems, were tested on a min-max test function and showed good performance in
most of the cases but required a high number of function evaluations. A recently proposed
differential evolution (DE) with a bottom-boosting scheme that does not use surrogates
proved to reach superior accuracy, though the number of functional evaluations (FEs)
needed is still relatively high [13].

Using a surrogate model can lower the computational cost. Surrogate models are
approximation functions of the actual evaluation and are quicker and easier to evaluate.
Surrogate-assisted EAs have been developed for min-max optimization, such as in [14].
In that work, a surrogate model is built with a Gaussian process to approximate the
decision variables and the objective value, assuming that evaluating the worst-case scenario
performance is expensive. This might be problematic when the real function evaluation is
also expensive. In [15], a Kriging-based optimization algorithm is proposed, where Kriging
models the objective function as a gaussian process. A newly proposed surrogate-assisted
EA applying multitasking can be found in [16], where a radial basis function is trained and
used as a surrogate.

As already explained, there are two ways so far to reduce the computational cost when
using EAs for min-max problems: the co-evolutionary approach and the use of surrogates,
which both come with the disadvantage that either cannot be applied in all the problems
or the final solution lacks accuracy.

The DE [17] is one of the most popular EAs because of its efficiency for global optimiza-
tion. Estimation of distribution algorithm (EDA) is a newer population-based algorithm
that relies on estimating the distribution for global convergence, rather than crossover and
mutation, and has great convergence [18]. Hybrid DE-EDAs have been proposed to com-
bine the good exploration and exploitation characteristics of each in several optimization
problems, such as in [19] for solving a job-shop scheduling problem and in [20] for the
multi-point dynamic aggregation problem. EDA with a particle swarm optimization has
been developed for bilevel optimization problems, where it served as a hybrid algorithm
of the upper-level [21].

In this paper, we propose a DE with EDA for solving min-max optimization problems.
The algorithm has a nested form, where a DE is applied for both the design and scenario
space optimization. To reduce the computational cost, instead of using surrogates, we
estimate the distribution of the best worst solution for the best solutions found so far. Then,
this distribution is passed to a scenario space optimization, and a part of the population
is sampled from it as a priori knowledge. That way, there is a higher probability that the
population will contain the best solution, and there is no need for training a surrogate
model. We also limit the search for the scenario space. If one solution found is already
worse than the best worst scenario, it is skipped.

The rest of this paper is organized as follows: Section 2 introduces the basic concepts
of the worst-case scenario and min-max optimization. A brief description of the general
DE and EDA algorithm is provided in Section 3, along with a detailed description of the
proposed method. In Section 4, we describe the test functions and the parameter settings
used in our experiments. In Section 5, the results are presented and discussed. Finally,
Section 6 concludes our paper.
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2. Background

In this section, the definitions of the deterministic optimization problem and the
worst-case scenario optimization as an instance of robust optimization are presented.

2.1. Definition of Classical Optimization Problem

A typical optimization problem is the problem of minimizing an objective over a set
of decision variables subject to a set of constraints. The generic mathematical form of an
optimization problem is:

min  f(x)

subjectto  g(x) <0,

)

where x € R",xL < x < xU is a decision vector of n dimension, f(x) is the objective
function and g(x) are the inequality constraints. The global optimization techniques
solve this problem, giving a deterministic optimal design. Usually, no uncertainties are
considered. This approach, though widely used, is not very useful when a designer desires
the optimal solution given the uncertainties of the system. Therefore, robust optimization
approaches are applied [22].

2.2. Definition of Worst Case Scenario Optimization Problem

When one seeks the most robust solution under uncertainties, then the worst-case
scenario approach is applied. Worst-case scenario optimization deals with minimizing
the maximum output in the scenario space of a problem, and it is usually formulated as a
min-max problem. The general worst-case scenario optimization problem in its min-max
formulation is described as:

mipmax f(xy) @)
where X € R represents the set of possible solutions and Y € R" the set of possible
scenarios. The problem is a special instance of a bilevel optimization problem (BOP), where
one optimization problem (the upper level, UL) has another optimization problem in its
constraints (the lower level, LL). The reader can find more about the BOPs in [1]. Here, the
UL and LL share the same objective function f(x,y), where UL is optimizing with respect
to the variables x of the design space and the lower level is optimizing with respect to the
uncertain parameters y of the scenario space. If the upper-level problem is a minimization
problem, then the worst-case scenario given by the uncertain variables y of a solution x can
be found by maximizing f(x, y). From now on, we will refer to the design space as upper
level (UL) and scenario space as lower level (LL) interchangeably. In Figure 1, a general
sketch of the min-max optimization problem as bilevel problem is shown, where for every
fixed x in the UL, a maximization problem over the scenario space y is activated in the LL.

When the problem holds the following condition:

min max f(x = maxmin f(x
xeX yeY flxy) yey xexf( 22

then the problem is symmetrical. Problems that satisfy the symmetrical condition are
simpler to solve since the feasible regions of the upper and lower level are independent.
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Figure 1. A general sketch of the min-max optimization problem as a bilevel problem, inspired by [16].

3. Algorithm Method

In this section, we briefly describe the differential evolution and estimation of dis-

tribution algorithms. Then, we explain the proposed algorithm for obtaining worst-case
scenario optimization.

3.1. Differential Evolution (DE)

DE [17] is a population-based metaheuristic search algorithm and falls under the

category of evolutionary algorithm methods. Following the standard schema of such
methods, it is based on an evolutionary process, where a population of candidate solutions
goes through mutation, crossover, and selection operations. The main steps of the algorithm
can be seen below:

1.

Initialization: A population of NPop individuals is randomly initialized. Each indi-
vidual is represented by a D dimensional parameter vector, X{,g = (le e x% P xj’?g)
wherei =1,2,..,nPop, g = 1,2,..MaxGen, where MaxGen is the maximum number
of generations. Each vector component is subject to upper and lower bounds X,
and Xqc. The initial values of the ith individual are generated as:

Xi = Xopin +rand(0,1) * (Xinax — Xonin) ®)

where rand(0,1) is a random integer between 0 and 1.
Mutation: The new individual is generated by adding the weighted difference vector
between two randomly selected population members to a third member. This process
is expressed as:

Vic = Xnc + F* (Xn6 — Xi3,6) @)

V is the mutant vector, X is an individual, r1, 72,73 are randomly chosen integers
within the range of [1, NPop] and r1,72,r3 # i, G corresponds to the current gen-
eration, F is the scale factor, usually a positive real number between 0.2 and 0.8. F
controls the rate at which the population evolves.

Crossover: After mutation, the binomial crossover operation is applied. The mutant
individual V; g is recombined with the parent vector X; ¢, in order to generate the
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offspring U; ;. The vectors of the offspring are inherited from X; ¢ or V; ¢ depending
on a parameter called crossover probability, C, € [0,1] as follows:
Vig, ifrand < C,ort=rand ).

Uie = { G, ifrand < Cy or random (i) 5)

X G, otherwise.

where rand € (0,1) is a uniformly generated number, random(i) € 1,..,D is a
randomly chosen index, which assures that V; ¢ gives at least one element to U; ;.
t =1,..., D denotes the t-th element of the individual’s vector.

4. Selection: The selection operation is a competition between each individual X; ; and
its offspring U; ¢ and defines which individual will prevail in the next generation.
The winner is the one with the best fitness value. The operation is expressed by the
following equation:

(6)

5 = QUi i f(Uic) < f(Xig) -
Lo X;, otherwise.

The above steps of mutation, crossover, and selection are repeated for each generation
until a certain set of termination criteria has been met. Figure 2 shows the basic
flowchart of the DE.

P.‘)Pu.l atl(?n —> Mutation —>  Crossover > Selection
Initialization

no

Termination

Figure 2. Basic flowchart of the differential evolution algorithm (DE).

3.2. Estimation of Distribution Algorithms (EDAs)

The basic flowchart of the EDA is shown in Figure 3. The general steps of the EDA

algorithm are the following:

1.  Initialization: A population is initialized randomly.

2. Selection: The most promising individuals S(¢) from the population P(t), where t is
the current generation, are selected.

3. Estimation of the probabilistic distribution: A probabilistic model M(t) is built from S(t).

4. Generate new individuals: New candidate solutions are generated by sampling from
the M(#).

5. Create new population: The new solutions are incorporated into P(t), and go to the
next generation. The procedure ends when the termination criteria are met.
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Generate new

Population Estimate individuals
Lnitﬁalization > Selection > probabilistic —> by sampling
distribution the estimated

distribution

Create new
Population

no

Termination

Figure 3. Basic flowchart of the estimation of distribution algorithm (EDA).

3.3. Proposed Algorithm

In the proposed algorithm, we keep the hierarchically nested formulation of a min-max
problem, which solves asymmetrical problems. The design space (UL) decision variables
are evolving with a DE. For the evaluation of each UL individual, first the scenario space
(LL) problem is solved by the DE. This solution is then transferred to the upper level. To
reduce the cost, we apply an estimation of distribution mechanism between the decision
space search (UL) and the scenario space search (LL). In that way, we use a priori knowledge
obtained during the optimization. To further reduce the FEs, we search only for solutions
with good worst-case scenarios. If the objective function of a solution X; under any
scenario is already worse in terms of worst-case performance of the best solution X, found
so far, there is no need for further exploring X; over scenario space. Therefore, the mutant
individual’s performance is checked under the parent’s worst-case scenario, and further
explored only when it is better in terms of the fitness function. Figure 4 shows the general
framework of the proposed approach. The main steps of the proposed algorithm for the UL:

1.  Initialization: A population of size NPop is initialized according to the general DE
procedure mentioned in the previous section, where the individuals are representing
candidate solutions in the design space X.

2. Evaluation: To evaluate the fitness function, we need to solve the problem in the
scenario space. For a fixed candidate UL solution X;, the LL DE is executed. More
detailed steps are given in the next paragraphs. The LL DE returns the solution
corresponding to the worst-case scenario for the specific X;. For each individual,
the corresponding best Yj,.s; = argmax,cyf(X;, y) solutions are stored, meaning the
solution y that for a fixed x maximizes the objective function.

3. Building: The individuals in the population P(i) are sorted as the ascending of the UL
fitness values. The best nPop/2 are selected. From the best nPop /2 individuals, we
build the distribution to establish a probabilistic model Mg for the LL solution. The
d-dimensional multivariate normal densities to factorize the joint probability density
function (pdf) are:

_ 1 ~1/2(x—p)=  x—p)’
F(x,pu,2) = W@ (7)

where x is the d-dimensional random vector, y is the d-dimensional mean vector
and X is the dxd covariance matrix. The two parameters are estimated from the best
nPop/2 of the population, from the stored lower level best solutions. In that way,
in each generation, we extract statistical information about the LL solutions of the
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previous UL population. The parameters are updated accordingly in each generation,
following the general schema of an estimation of distribution algorithm.

Evolution: Evolve UL with the steps of the standard DE of mutation, crossover,
producing an offspring Uj; ¢.

Selection: As mentioned above, the selection operation is a competition between each
individual X; ¢ and its offspring U; ;. The offspring will be evaluated in the scenario
space and sent in LL only if f(U; g, Yic) < f(Xic, Yic), where Y; ¢ corresponds to
the worst case vector of the parent individual X; ;. In that way, a lot of unneeded LL
optimization calls will be avoided, reducing FEs. If the offspring is evaluated in the
scenario space, the selection procedure in Equation (6) is applied.

Termination criteria:

*  Stop if the maximum number of function evaluations MaxFEs is reached.

e  Stop if the improvement of the best objective value of the last MaxImpGen
generations is below a specific number.

e  Stop if the absolute difference of the best and the known true optimal objective
value is below a specific number.

Output: the best worst case function value f(x*,y*), the solution corresponding to
the best worst-case scenario x*, y*

For the LL:

Setting: Set the parameters of the probability of crossover CR, the population size
nPop, the mutation rate F, the sampling probability B.

Initialization: Sample nPop individuals to initialize the population. If 8 < random(0,1),
then the individual is sampled from the probabilistic model Mu.. built in the UL with
the Equation (7). The model here is sampled with the monrnd(mu, Sigma) built-in
function of Matlab, which accepts a mean vector mu and covariance matrix sigma as
input and returns a random vector chosen from the multivariate normal distribution
with that mean and covariance [23]. Otherwise, it is uniformly sampled in the scenario
space according to the Equation (3). Please note that for the first UL generation,
is always 0, as no probabilistic model is built yet. For the following generations, 8
can range from (0,1) number, where 8 = 1 means that the population will be sampled
only from the probabilistic model. This might lead the algorithm to be stuck in local
optima and to converge prematurely. An example of an initial population generated
with the aforementioned method with = 0.5 is shown in Figure 5. Magenta asterisk
points represent the population generated by the probabilistic model Msur of the
previous UL generation. Blue points are samples uniformly distributed in the search
space. In Figure 6, the effect of the probabilistic model on the initial population of LL
for fg during the optimization is shown. As the iterations increase, the LL members of
the populations sampled from the probabilistic distribution reach the promising area
that maximizes the function. In the zoomed subplot in each subfigure, one can see
that all such members of the population are close to the global maximum, compared
to the randomly distributed members.

Mutation, crossover, and selection as the standard DE.

Termination criteria:

*  Stop if the maximum number of generations MaxGen is reached.

*  Stop if the absolute difference between the best and the known true optimal
objective value is below a specific number.

Output: the maximum function value f(x*,y*), the solution corresponding to the

worst-case scenario y* = argmax(f(x*,y)).
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Generate UL Offspring x_new.

Return y = argmax f(x*y*)

If B< rand(0,1)
2 LL optimization for individual sampled from
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Input: M_g"" uniformly random
If f(x_new,y_optimal)<Best Solution v
Update UL Population. ‘ Evolve LL with DE |
Update Best Solution. N
%{ Return y = argmax f(x*,y*) |
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Figure 4. General framework of the proposed algorithm.
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Figure 5. Balancing exploration and exploitation with the sharing distribution mechanism of the LL
population. Magenta asterisk points represent the population generated by the distribution of the
previous UL generations. Blue points are samples uniformly distributed in the search space. The idea
behind this is to keep the “knowledge” already gained in previous generations while also giving the
opportunity to the algorithm to search the whole search space. Here with = 0.5.

112



Mathematics 2021, 9, 2137

Initial Population of the Lower Level, iteration =1

Initial Population of the Lower Level, iteration =2

0
0
_5- 1
-5+ 4
—10f 1
—10} ]
—15} 1
—15F 165 1 .80918,
4 .8091
FHRRX — - 80914 — -
55 Objef:tlve .fun.ctlo.n ) _500.80912 Objef:nve .fun.ctlo.n )
20k % Sharing distribution population 0.4091 Z Sharing distribution population
1.5 A Uniform distribution population Uniform distribution population
5 5.004  5.008
498 5 502 504 Known Maximum Known Maximum
L L L L L L L L L L L L L L L L
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 6 7 8 9 10
0 Initial Population of the kower Level, iteration =7 o Initial Population of the Lower Level, iteration =15
51 4 =5F 4
10l ] —101 b
=
X
=2
-151 i -15 103 4
5.76
1.0
104 20 576 Objective function 4
20 Objective function 1 755 *  Sharing distribution population
02 % Sharing distribution population ¥ oo A Uniform distribution population
4996 5 5004 5008 Uniform dlst‘nbutlon population Known Maximum
Known Maximum 25 1 1 1 . . . .
-25 - - - - - L L L L 0 1 2 3 5 6 7 8 9

0 1 2 3 4 5 6 7 8 9 10

Figure 6. Effect of the probabilistic model on the initial population of LL for fg. As the iterations increase, the LL members
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of the population that were produced from the probabilistic model reach the promising area that maximizes the function.

The area they are concentrated is shown in the zoomed plots of each plot.

4. Experimental Settings

In this section, we describe the 13 benchmark test functions used for this study and
provide the parameter settings for our experiments.

4.1. Test Functions

The performance of the proposed algorithm was tested on 13 benchmark problems
of min-max optimization. The problems used are found collected in [15] along with their
referenced optimal values. The first 7 problems fi—f; are taken from [24] and they are

convex in UL and concave in the LL. The problems described as min-max are:

Test function f;:

minmax f1(x,y) = 5(x] +x3) — (] + ¥3) + x1(—y1 + Y2 +5) + X2(y1 —y2 +3)

xeX yeY
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with x € [-5,5]2,y € [-5,5]%. The points x* = —0.4833, —0.3167 and y* = 0.0833, —0.0833
are the known solutions of the f;, and the optimal value is approximated at
f1(x*,y*) = —1.6833.
Test function f,:
minmax fo(x,y) = 4(x; —2)% — 23 + x¥3y1 — Y3 + 2x3y2 )
xeX yeY
with x € [-5,5]%,y € [-5,5]% The points x* = 1.6954, —0.0032 and y* = 0.7186, —0.0001
are the known solutions of the f,, and the optimal value is approximated at
fo(x*,y*) = 1.4039.
Test function f3:

minmax f3(x,y) = Xty2 + 23y — 3y (ya — 3) — 2x2(y; — 3)° (10)
xeX yeY
with x € [-5,5]2,y € [~3,3]%. The points x* = —1.1807,0.9128 and y* = 2.0985,2.666 are
the known solutions of the f;, and the optimal value is approximated at

fa(x*,y*) = —2.4688.
Test function fy:

2

(yi — 1)2) + Z(Xi — 1)2 +]/3(X2 — 1) +y1(x1 — 1) +]/2.’X1X2 (11)
i=1

e

If
—_

e () —
TR Sty

1
with x € [-5,5]%,y € [-3,3]>. The points x* = 0.4181,0.4181 and y* = 0.709,1.0874, 0.709
are the known solutions of the f;, and the optimal value is approximated at
fa(x*,y*) = —0.1348.

Test function fs:

minmax f5(x,y) = —(x1 — 1)y1 — (x2 — 2)y2 — (x3 — 1)yz + Zx% + 3x% + x% (12)
xeX yey

withx € [~5,5]%,y € [~1,1]3. The points x* = 0.1111,0.1538,0.2 and y* = 0.4444,0.9231,0.4
are the known solutions of the f5, and the optimal value is approximated at
f5(x*,y*) = 1.3453.

Test function fs:

minmax fe(x, y) = —y1(xf — X2+ x5 — 2 +2) Fy2(—x1 205 — 23+ 200 + 1)+
xeX y
3 (13)

Y3(2x1 —xp +2x3 — x5 +5) + 537 +4x3 + 333 +2x5 — Y y?
i=1

with x € [-5,5]%, y € [~2,2]%. The points x* = —0.2316,0.2228, —0.6755, —0.0838 and
y* = 0.6195,0.3535,1.478 are the known solutions of the fg, and the optimal value is
approximated at fe(x*, y*) = 4.543.

Test function f7:

minmax f7(x,y) = 2x1x5 4+ 3x4xp + x5¥3 + SyZ + 5y§ —x4(ys —ys — 5)+
xeX yey

3 (14)

X5(ya—ys+3)+ ) (xi(yf —1)) —

i=1 i=1

v

Mm

with x € [=5,5]3,y € [~3,3]5. The points x* = 1.4252,1.6612,1.2585, —0.9744, —0.7348
and y* = 0.5156,0.8798,0.2919, 0.1198, —0.1198 are the known solutions of the f7, and the
optimal value is approximated at f7(x*,y*) = —6.3509.
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Test function fg [25]:

i ,y) = (x1-5)* — (11 —5)° 15
mipmax fo(x,y) = (¥1 =5)" = (1 = 5) (15)
with x € [0,10],y € [0,10]. The points x* = 5 and y* = 5 are the known solutions of the
fs, and the optimal value is approximated at fg(x*,y*) = 0. This test function is a saddle
point function. The function along with the known optimum is plotted in Figure 7, and it
serves as an example of a symmetric function.

10 —_——
— s
8
:‘ 8
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=
9] R g
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= X2 g
1 &
s 4
2
o *
o >
S
2
m
0
0 2 4 6 8 10

x Design Space

(a) (b)
Figure 7. Three-dimensional mesh and contour plots of the symmetrical test function fg. Green dot corresponds to the
known optimum. (a) A 3D mesh of the symmetrical test function fg. (b) Contour plot of the symmetrical test function fg.

Test function fg [25]:

i ,y) = min {3 — 02x1 +03y1,3 +0.2x; — 0.1 16
minmax fo(x, y) = min { %1 +03y1,3+02x — 0.1y1 } (16)

with x € [0,10],y € [0,10]. The points x* = 0 and y* = 0 are the known solutions of the fo,
and the optimal value is approximated at fo(x*,y*) = 3. It is a two-plane asymmetrical

function. The contour plot and 3-D plot of this function, along with the known optima, are
shown in Figure 8 and serves as an example of an asymmetrical function.

y Scenario Space

f Objective
[N}

RZRE
QLT
LR
; Gy s
7
-0
X
D, & 0
Csign, & 2 1 6 s 10
S 100 & )
Day 3 z Design Space
(a (b)

Figure 8. 3D mesh and contour plots of the asymmetrical test function f9. Green dot corresponds to the known optimum.
(a) 3D mesh of the asymmetrical test function f9. (b) Contour plot of the asymmetrical test function fg.
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Test function fi¢ [25]:

. sin (x1 — 1)
y) = 0\ Z ) 17
rggr;anXfm(x Y) E 17)

with x € [0,10],y € [0,10]. The points x* = 10 and y* = 2.1257 are the known solutions of
the f1o, and the optimal value is approximated at fio(x*,y*) = 0.097794. It is a damped
sinus asymmetrical function.

Test function fi7 [25]:

/2 1.2
minmax fi1(x,y) = M (18)

xeX yey m +10

with x € [0,10],y € [0,10]. The points x* = 7.0441 and y* = 10 or y* = 0 are the known
solutions of the f1, and the optimal value is approximated at fi1(x*, y*) = 0.042488. It is a
damped cosine wave asymmetrical function.

Test function f1; [6]:

fgy;g;(flz(x,y) =100(x2 = 7)* + (1 =31 = y1(x1+33) —p2(xf +x2) (19
with x € [-0.5,0.5]x[0,1],y € [0,10]?. The points x* = 0.5,0.25 and y* = 0,0 are the
known solutions of the fi5, and the optimal value is approximated at fi(x*, y*) = 0.25.

Test function fi3 [6]:
minmax fi3(x,y) = (x1 —2)2 4+ (x2 = )2+ y1 (37 —x2) + ya(x1 — 22 —2)  (20)
xeX yeY
with x € [-1,3]%,y € [0,10]%. The points x* = 1,1 and y* = any,any are the known
solutions of the fi3, and the optimal value is approximated at f13(x*,y*) = 1.

4.2. Parameter Settings

The parameter setting used for all the experiments of this study are shown in Table 1.
The population size depends on the dimensionality of the problem, where for the UL
max(ny +ny, 5) 2 is used and for the LL max(ny,5) * 2, where ny, ny is the dimensionality
of the UL and LL, respectively.

Table 1. Control parameters used in the reported results.

Upper-Level Lower-Level
Population size max(ny +ny,5) 2 max(ny,5) *2
Crossover 0.9 0.9
Mutation uniformly (0.2,0.8)  uniformly (0.2, 0.8)
Desired Accuracy 1x10°° 1x107°
Maximum Number of Generations - 10
Maximum Number of Function Evaluations 5000 -
Maximum Number of Improvement Generations 30 -
Least Improvement 1x10°° -

All the simulations were undertaken on an Intel (R) Core (TM) i7-7500 CPU @ 2.70
GHz, 16 GB of RAM, and the Windows 10 operating system. The code and the experiments
were implemented and run in Matlab R2018b.
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5. Experimental Results and Discussion
5.1. Effectiveness of the Probabilistic Sharing Mechanism

To evaluate the effectiveness of the probabilistic sharing mechanism of the proposed
algorithm, we compare three different instances that correspond to three different  values.
The first algorithmic instance has p = 0, meaning that the estimation of distribution in the
optimization procedure is not activated, and the algorithm becomes a traditional nested DE.
This instance serves therefore as the baseline. The second algorithmic instance corresponds
to p = 0.5, where half of the initial population of the LL is sampled from the probabilistic
model. Last, for the third algorithmic instance, we set a value of f = 0.8, testing the
ability of the algorithm when 80% of the initial population of the LL is sampled from the
probabilistic model.

Due to the inherent randomness of the EAs, repeated experiments are held to assess a
statistical analysis of the performance of the algorithm. We report results of 30 independent
runs, which is the minimum number of samples used for statistical assessment and tests.
In Table 2, the statistical results of the 30 runs of the different instances of the algorithm are
reported. More specifically, we report the mean, median, and standard deviation of the
accuracy of the objective function. We calculate the accuracy as the absolute differences
between the best objective function values provided by the algorithms and the known
global optimal objective values of each test function. This is expressed as

Acc=|f — f*| @1)
where f " and f* are the best and the true optimal values, respectively.

Table 2. Accuracy comparison of the different instances of the algorithm over the 30 runs.

Problems B=0 p=05 =038

Mean 345 x 1071 2.77 x 107° 2.29 x 107°

Median 9.49 x 1072 3.33 x 1075 3.33 x 1075

A Std 6.55 x 1071 343 x 107° 1.53 x 1075
p-value <0.05 NA >0.05
Median FEs 20,115 28,300 46,535

Mean 1.11 x 1071 1.25 x 1073 1.28 x 1074

Median 496 x 1072 5.53 X 10~° 5.79 x 10~

f Std 538 x 107! 427 x 1073 543 x 1074
p-value <0.05 NA >0.05
Median FEs 20,665 16,180 17,140

Mean 1.64 x 100 227 x 1073 2.35 x 1072

Median 951 x 101 1.86 x 1075 247 X 107>

f3 Std 2.29 x 10° 1.30 x 1072 8.35 x 1072
p-value <0.05 NA >0.05
Median FEs 27,535 39,830 46,785

Mean 349 x 1071 293 x 107° 1.64 x 1073

Median 227 x 1071 2.03 x 1075 3.39 x 1075

fa Std 449 x 1071 441 x 107° 8.88 x 1073
p-value <0.05 NA >0.05
Median FEs 19,940 26,478 40,516

Mean 6.23 x 1072 9.95 x 104 8.43 x 1076

Median 2.63 x 1072 2.99 x 104 8.55 x 10~7

f5 Std 1.05 x 1071 418 x 1073 5.08 x 107°

p-value <0.05 >0.05 NA

Median FEs 38,694 78,444 97,506
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Table 2. Cont.

Problems B=0 p=05 B=038
Mean 2.16 x 1071 1.96 x 1073 1.19 x 1072
Median 1.62 x 1071 7.86 X 10° 6.33 x 10—°
fe Std 2,67 x 1071 6.74 x 1073 6.50 x 1072
p-value <0.05 >0.05 NA
Median FEs 55,740 69,798 77,356
Mean 557 x 107! 7.90 x 1072 7.90 x 1072
Median 4.76 x 1071 7.90 x 102 7.90 x 102
f7 Std 3.75 x 1071 1.34 x 1074 9.54 x 10°°
p-value <0.05 NA <0.05
Median FEs 143,580 360,460 541,940
Mean 9.27 x 107° 3.03 x 10~¢ 3.34 x 107
Median 6.16 x 107° 1.17 x 10~° 212 X 10~°
fs Std 1.99 x 1075 3.24 x 107 323 x 1070
p-value <0.05 NA >0.05
Median FEs 9120 8150 8070
Mean 0.00 x 100 0.00 x 10° 296 x 1073
Median 0.00 x 10° 0.00 x 10° 0.00 x 10°
fo Std 0.00 x 100 0.00 x 10° 1.62 x 1072
p-value NaN NA >0.05
Median FEs 3435 3935 3715
Mean 7.54 x 107° 8.03 x 10~8 8.74 x 1074
Median 2.86 x 107 2.98 x 1077 2.95 x 1077
fio Std 3.60 x 1075 496 x 1077 4.79 x 1073
p-value NA >0.05 >0.05
FEs 4435 3995 3880
Mean 5.11 x 1073 3.62 x 1073 1.43 x 1072
Median 1.79 x 103 2.95 x 1074 1.14 x 1072
i1 Std 7.44 x 1073 8.06 x 1073 1.25 x 1072
p-value >0.05 NA <0.05
FEs 21,965 30,480 33,485
Mean 372 x 107! 521 x 1071 7.05 x 1071
Median 2.25 x 101 477 x 1071 7.43 x 1071
fi2 Std 5.98 x 10! 523 x 107! 1.42 x 1071
p-value NA <0.05 <0.05
Median FEs 14,945 15,795 28,210
Mean 3.99 x 1072 242 x 1072 1.98 x 101
Median 6.51 x 1072 1.82 X 104 1.07 x 1075
fi3 Std 7.29 x 1071 1.21 x 1071 1.04 % 10°
p-value <0.05 >0.05 NA
Median FEs 22,430 56,880 61525

In order to compare the instances, the non-parametric statistical Wilcoxon signed-rank
test [26] was carried out at the 5% significance, where for each test function, the best instance
in terms of median accuracy used a control algorithm against the other two. The reported
<0.05 means that it rejects the null hypothesis and the two samples are different, while >0.05
means the opposite. The best algorithm in terms of median accuracy is shown in bold. We
also report the median of the total number of function evaluations. In bold are the lowest
median FEs corresponding to the best algorithmic instance in terms of median accuracy. As
we can see, the proposed method outperforms the baseline in most of the test functions. More
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specifically, the second and the third instances are significantly better than the first in the
test functions f1 — fg and f13. For these test functions, the results of these two instances do
not differ significantly, therefore there is a tie. What we can note though, is that instance 2
repeatedly requires fewer FEs to reach the same results. Therefore, it performs better in terms
of computation expense. For test function fy, all the instances are performing equally in terms
of median accuracy, while the baseline instance reports less FEs. The third instance is best in
test functions fs-f¢. For test function f7, there is a tie between the second and third instance.
The first instance performs better in test functions f1gp and f1,, while for f11, the first and
second instance outperforms the third. In many cases, the baseline algorithmic case reports
a low number of FEs. These cases, where it does not reach the desired accuracy, indicate
premature convergence, when the “least improvement” termination criterion is activated and
the algorithm is terminated before reaching the maximum number of evaluations. In 11 out
of 13 test functions, instance 2 outperforms at least one instance or performs equally, which
makes selecting a B = 0.5 a safe choice.

In Figure 9, the success rate of each algorithmic instance and each test function is
reported. As a success rate, we define here the percentage of the number of runs where
the algorithm reached the desired accuracy of the total runs for each test function. It is
interesting to note that the baseline first instance did not at all reach the desired accuracy
in 9 out of 13 test problems. The performance of the algorithm improves dramatically by
the use of the estimation of distribution. On the other hand, the instance with f = 0.5
reaches the desired accuracy for at least one run in 11 out of 13 problems and, instance
with B = 0.8 in 10 out of 13 problems. The second instance reaches the accuracy of 100%
for asymmetrical functions fg and fi9. For test functions f7 and f1, none of the algorithms
reach the desired accuracy in the predefined number of FEs. f7 is one of the test problems
with higher dimensionality, and a higher number of function evaluations might be needed
in order to reach higher accuracy.

100 Success Rate (%) for the different instances

90

80

70

60

50

40

Success Rate %

30

20

1 2 3 4 5 6 7 8 9 10 11 12 13
Test Function

Figure 9. Barchart of the success rate (%) of each algorithmic instance and each test function. The red
color corresponds to the instance where § = 0.0, magenta p = 0.5 and blue g = 0.8.

In Figure 10, the convergence plots of the accuracy of the upper level for each algo-
rithmic instance and test function are shown. The red color corresponds to the instance
where B = 0.0, magenta § = 0.5 and blue = 0.8. The bumps that can be spotted in the
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convergence are probably because of inaccurate solutions of the worst-case scenario. This
can be mostly seen in Figure 10g, for test function f7, where the convergence seems to go
further than the desired accuracy. In Figure 10j for f1, algorithmic instance 2 and 3 seem to
converge in even earlier generations, in contrast to the baseline first algorithmic instance.
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Figure 10. Fitness accuracy convergence of the upper level of the median run for all the test functions and algorithm
instances. The red color corresponds to the instance where § = 0.0, magenta f = 0.5 and blue g = 0.8. Generations axes is

in logarithmic scale.

5.2. Comparison with State-of-the-Art Method MMDE

In this subsection, we compare the proposed method with one state-of-the-art min-
max EA. The MMDE [13] employs a differential evolution algorithm along with a bottom-
boosting scheme and a regeneration strategy to detect best worst-case solutions. The MMDE
showed statistically significant superior performance against a number of other min-max
EAs, so we only compared with the MMDE. For the comparative experiments, the following
settings are applied. For the proposed method, the DE parameters of UL are the same
as in Table 1, while for the LL, the population size was set to max(ny,5) *3 and g = 0.5.
For the MMDE, the proposed settings from the reference paper are used and are crossover
CR = 0.5 and mutation F = 0.7. The MMDE also has two parameters K; and T that
control the number of FEs in the bottom-boosting scheme and partial-regeneration strategy.
Here, they are set to 190 and 10, respectively, as in the original settings. To have a fair
comparison, the termination criterion for both algorithms is only the total number of FEs
and set to 10*. Since the number of FEs is limited, an additional check was employed for
the proposed method, where if a new solution of the UL is already found in the previous
population, then it is not passed to the lower level, since the worst-case scenario is already
known. The algorithms are run 30 times on test functions f8 — f13. For comparing the two
methods, we use the mean square error (MSE) of the obtained solutions in the design space
(UL) to the true optimum, a metric commonly used for comparing min-max algorithms.
More specifically, the MSE is calculated:

Dx

1
MSE (Xpests Xopt) = 5~ Y (Vs = Xopt)* @)
n=1

where X, is the best solution found by the algorithm and X, the known optimal solution,
while Dy is the dimensionality of the solution. In Table 3, we report the mean, median and
standard deviation of the mean square error (MSE). In Figure 11, these values are illustrated
as boxplots. The Wilcoxon signed-rank test [26] was conducted at the 5% significance,
and we report if the p-value rejects or not the null hypothesis. The proposed method
outperforms the MMDE for the test functions fg and f10, while it performs equally good
on asymmetrical test function fg. On the test functions f11—f13, the MMDE performs better
than the proposed method.
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Table 3. MSE Comparison with MMDE over 30 runs and 10* FEs.

Problems p=05 MMDE
Mean 2.0234 x 1075 2.6618 x 107°
A Median 1.8269 x 10~7 9.5487 x 10~°
8 Std 7.5060 x 1075 6.1841 x 107°
p-value NA <0.05
Mean 2.5849 x 1071 3.3719 x 1073
Median 0.0000 % 10° 0.0000 x 10°
fo Std 9.6251 x 1071 1.1081 x 102
p-value NA >0.05
Mean 1.0029 x 100 5.1712 x 107!
Median 0.0000 x 10° 0.0000 x 10°
fo std 2.8499 x 10° 2.4408 x 10°
p-value NA <0.05
Mean 3.3428 x 101 7.9495 x 104
f Median 5.5485 x 1072 8.8027 x 105
1 Std 8.7588 x 10~ 1.4876 x 1073
p-value <0.05 NA
Mean 8.1786 x 1073 1.1339 x 107>
Median 9.6258 x 107> 2.1344 X 10—°
o Std 1.9804 x 102 3.2300 x 10~5
p-value <0.05 NA
Mean 5.0537 x 1072 5.5425 x 1073
Median 1.9716 x 1072 2.7037 x 103
fi Std 7.7093 x 102 7.7943 x 1073
p-value <0.05 NA
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Figure 11. Boxplots of MSE values of the proposed method and MMDE over 30 runs for the test functions fg—f13.

5.3. Engineering Application

To further investigate the performance of the proposed method, we solved a simple
engineering application that also serves a benchmark, taken from [27]. It refers to the
optimal design of a vibration absorber (Figure 12) for a structure where uncertainties occur
in the forcing frequency. A structure with mass m; is subjected to a force and an unknown
frequency. Through a viscous damping effect, a smaller structure of mass 11, is employed
to compensate for the oscillations caused by this disturbance. The design challenge is to
figure out how to make this damper robust to the worst force frequency. The objective
function is the normalized maximum displacement of the main structure and is expressed
as [27]:

1
J = 5/ (L= By / T2 + 4% (LaBpreg/ T 23)

where - ﬁz
162P fre
z? :[’B}’e‘i(ﬁ}”q - 1)/T2 - /B}req(l + V) - 4# + 1]2
52,33,9 (1 - .u) - gZﬁ e
freq - fq—élﬁfmq

The fixed parameters for the specific problem are y = 0.1 and {; = 0.1. The decision
variables in the design space are { and T, while variable B, is the decision variable in
the scenario space against which the design should be robust against. The problem can be
written as a min-max problem:

(24)

+4[01 By / T + I?

min r;leagl (xy) = rglg rﬁr}if;] (G2, T, Bfreg) (25)

with > € [0,1], T € [0,1] and By € [0,2.5]. The points x* = ({3, T*) = 0.1986,0.8619 and
Yt = ﬁ}m 0= 1.043 are the known solutions of the ], and the optimal value is approximated
at J(x*,y*) = 2.6227 as reported in [28]. We run the problem 30 independent times for both
the proposed method and the MMDE algorithm with the same parameter settings as in the
previous subsection. In Table 4, we report the mean, median and standard deviation of
the obtained accuracy and MSE for the proposed method and the MMDE. Both algorithms
perform well at approximate the known global optima with an accuracy of x10~2 and
MSE x 10~%. The statistical test showed that the proposed method performs equally well
with the MMDE for the engineering application.
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Figure 12. Vibration absorber.

Table 4. Statistical comparison with MMDE over 30 runs and 10* FEs for the engineering application.

Problems B=0.5 MMDE
Acc(Jminmax) Mean 1.7100 x 1071 1.0472 x 1071
Median 6.4784 X 102 9.9247 X 10~2
Std 2.6084 x 1071 6.0458 x 1072

p-value NA >0.05
MSE(x) Mean 1.4668 x 102 7.6533 x 1074
Median 6.4275 x 104 3.6815 x 104
Std 5.1909 x 102 7.6206 x 10~*

p-value >0.05 NA

6. Conclusions

In this work, we propose an algorithm for solving worst-case scenario optimization
as a min-max problem. The algorithm employs a nested differential evolution with an
estimation of the distribution between the two levels to enhance the efficiency of solving
the problems in terms of both accuracy and computational cost. A probabilistic model is
built from the best worst-case solutions found so far and is used to generate samples as an
initial population of the lower level DE to speed up the convergence. First, the efficiency
is investigated by comparing the nested algorithm with different probabilities of using
the probabilistic model on 13 test functions of various dimensions and characteristics.
To further investigate the performance of the algorithm, it is compared with the MMDE,
one state-of-the-art algorithm known to perform well on these problems on both bench-
mark functions and on an engineering application. The results show that, most times,
the proposed method performs better or equal to the MMDE.

In future work, the method could be tested with different population-based EAs in
UL or LL, as it is independent of the evolutionary strategy. The parameter, j, that defines
the probability that the probabilistic model will be used, could be adapted during the
optimization. Last, the method can be tested on higher dimensional test functions and/or
engineering applications.
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w N e

Abstract: Surface roughness is one of the key characteristics of machined components as it affects
the surface quality and, consequently, the lifetime of the components themselves. The most common
method of measuring the surface roughness is contact profilometry. Although this method is
still widely applied, it has several drawbacks, such as limited measurement speed, sensitivity to
vibrations, and requirement for precise positioning of the measured samples. In this paper, machine
vision, machine learning and evolutionary optimization algorithms are used to induce a model
for predicting the surface roughness of automotive components. Based on the attributes extracted
by a machine vision algorithm, a machine learning algorithm generates the roughness predictive
model. In addition, an evolutionary algorithm is used to tune the machine vision and machine
learning algorithm parameters in order to find the most accurate predictive model. The developed
methodology is comparable to the existing contact measurement method with respect to accuracy,
but advantageous in that it is capable of predicting the surface roughness online and in real time.

Keywords: quality control; roughness measurement; machine vision; machine learning; evolutionary
algorithm; parameter optimization

1. Introduction

Demands for increased productivity and product quality in highly competitive in-
dustries, such as the automotive industry, have necessitated the use of online systems
for inspecting the quality of massively produced parts. One of the quality measures that
is especially challenging for online examination is surface roughness of machined parts.
Surface roughness is defined as an amplitude value measuring the vertical heights of the
surface deviations from a reference line [1]. Inadequate surface roughness of machined
parts can significantly affect the functionality of a product and can lead to a premature
failure. Moreover, measurement of surface roughness in production can reduce machining
costs, since the machining parameters, such as machining speed and the period between
the changes of machining tools, can be appropriately chosen.

The most widely used method of surface roughness measuring is contact profilom-
etry. This method uses a stylus type device that correlates displacements induced by
surface irregularities to the surface roughness of the inspected specimen. The method
is standardized and has been widely used in industrial laboratories and manufacturing
industry [2]. The technology of contact profilometry is well developed and can provide
measurements of surface roughness within the accuracy of a micrometer. However, this
method has several drawbacks. Since the stylus tip must be brought into contact with
the measured specimen, the measured surface can be altered by scratches. Moreover, this
method is time-consuming and sensitive to vibrations, and therefore not suitable for online
measurements in high-volume production processes. More details about stylus-based
roughness measurements and their advantages and shortcomings can be found in [3].
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To overcome the drawbacks of contact methods, several non-contact methods, such
as optical profilometry, scanning electron microscopy, atomic force microscopy, and laser
scanning microscopy, have been developed. These methods can provide very accurate
measurements of surface roughness and are becoming increasingly popular, also in the
automotive industry [4]. However, the methods still require the preparation of adequate
samples, are sensitive to vibrations and the measuring apparatuses are expensive. Con-
sequently, none of these methods can be used for online and real-time surface roughness
measurements.

This paper presents the development of a machine vision system for roughness evalu-
ation of graphite commutator mounting holes. The graphite commutators are components
of electric motors used in automotive fuel pumps. The final phase in the graphite com-
mutator production is the precise turning of the commutator mounting hole to achieve an
adequate hole inner diameter and surface roughness. Both characteristics, the diameter
and roughness, are important for reliable operation of a fuel pump. Several online meth-
ods for measuring the inner diameter of holes are applicable; however, online roughness
measurement of the hole surface roughness represents a major challenge.

Specifically, the work proposes combining machine vision (MV), machine learning
(ML) and optimization methods to build a predictive model capable of determining the
mounting hole roughness. The MV algorithm extracts the attributes from the commutator
mounting hole surface that are used by ML to build a roughness predictive model. However,
MYV and ML methods depend on numerous parameters that notably affect the outcome
and are hard to set to their optimum values. To overcome this limitation, an optimization
algorithm is used to set the MV and ML algorithm parameters.

The paper is further organized as follows. Section 2 presents the related work in
MV-based systems for measurement of surface roughness. The design and development of
the online surface roughness measurement system are presented in Section 3. Section 4
describes the optimization methodology for automated tuning of MV and ML algorithm
parameters in the development process. Section 5 describes the experimental setup and
validation procedure used in the development. The experimental results are discussed in
Section 6. Finally, Section 7 concludes the paper with a summary of findings and ideas for
future work.

2. Related Work

The initial experiment with a setup similar to the one presented in this paper, combin-
ing MV, ML and optimization methods was carried out in [5]. The differential evolution
(DE) [6] algorithm was used to search for optimal MV parameter settings, such as binary
threshold and filter parameter values. Based on the attributes extracted from 300 images of
the commutator mounting holes, the ML algorithm was employed to build classification
and regression predictive models. The study found that in comparison to the domain
expert this methodology always finds better MV parameter settings. In the classification
task, the methodology was able to find a classification model of 100% accuracy in very few
examined generations, while the regression task proved to be more demanding.

Much research and development has been carried out in the field of prediction and
control of surface roughness using MV. Regarding the way of calculating the roughness
parameters, these methods can be divided into analytical methods [7-11], where parame-
ters extracted from images are correlated to the measured roughness by a mathematical
function, and methods engaging artificial intelligence (AI) [12-19] to build the roughness
predictive models.

Shahabi and Ratnam [7] studied vision-based roughness measurements in a turning
process. They used back-light illumination to extract the line profiles of turned workpieces.
By varying the parameters on the lathe, such as the turning speed and feed rate, they
produced workpieces with various roughness values. They showed that after applying the
smoothing filter and performing linear regression data fitting, the extracted edge profile
of the workpiece can be directly correlated to the average surface roughness parameter
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R,;. The maximum difference of R, between the MV-based estimate and the roughness
measured by the conventional stylus method was 10%.

Jeyapoovan and Murugan [8] developed an MV-based roughness measurement
method using Euclidean and Hamming distances of the surface features to determine
the value of the roughness parameter R,. The Euclidean distance is a distance between two
points in a plane or space, while the Hamming distance represents a distance between two
items by the number of mismatches among their pairs of variables. These two parameters
were then compared to the values of the parameters in the database of specimen images
that were measured using a stylus instrument. The authors observed that the values of
the Euclidean and Hamming distances were very low for surfaces with similar surface
roughness values. Therefore, the roughness values can be successfully classified using
these two parameters.

Nithyanantham and Suresh [9] demonstrated that using the optical surface roughness
parameter G,, the algebraic average of an image’s gray levels results in a strong correlation
between G, and R,. After applying a geometric search technique that enhanced the edges
detected in the images, the correlation coefficient between the parameters G, and R, was
significantly improved and was higher than 0.92.

Jibin and Arunachalam [10] studied the illumination compensation techniques for
surface roughness evaluation using MV. The acquired images of ground samples machined
at different parameter values were used for illumination compensation utilizing image
filtration techniques. Based on these images, the authors calculated the correlation between
the extracted surface texture parameters and the reference measurements carried out by
an optical profiler. The results of the study showed that by using additional lightning,
filtration techniques and statistical methods, the extracted texture parameters are highly
correlated to the measured roughness values. Therefore, such a system can be an integral
part of any grinding system to inspect the machined components.

Patel and Kiran [11] used the correlation approach to calculate the roughness parame-
ters for end-milled parts. The authors used the contrast, energy, entropy and homogeneity
features of the captured images to calculate the correlation with the reference measurements
of the roughness parameter R, obtained by a surface profilometer. The authors gained the
best results using the correlation of image energy feature and roughness parameter R,,
where the maximum relative error was 8%.

More advanced methodologies for vision-based roughness measurements incorpo-
rate Al methods. These methods are able to find more complex and consequently more
accurate models for the evaluation of surface roughness. Fadare and Oni [12] presented a
methodology that uses an artificial neural network (ANN) to predict the roughness values.
In contrast to the previously described analytical methods, several features are extracted
from images using the fast Fourier transform (FFT) analysis. Based on these features and
the tool wear index (TWI), a predictive ANN model was trained. The output of the ANN
model was the optical surface roughness parameter G,, which was then correlated with
the R, parameter value measured on the reference pieces. The authors reported that the
proposed MV system using the ANN model has acceptable accuracy for online monitoring
of surface roughness.

Instead of an ANN, Ravikumar et al. [13] used the algorithm for induction of decision
trees called C4.5. The classification model was built based on the histogram features ex-
tracted from sample images. Since the decision tree can only classify the given instances
into different quality classes, the authors determined three quality classes the instances be-
longed to. These classes were defined as acceptable workpieces, workpieces with scratches
and workpieces with major defects. The result of the classification model was validated
and compared to the manually determined classes. The misclassification of the decision
tree model was estimated to 8.6%.

Samtas [14] used an ANN to train a predictive model for surface roughness estimation
after the face milling operation. The reference workpieces were firstly measured by the
surface roughness profilometer. Afterwards, images of the reference workpieces were
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captured and processed by an MV algorithm. Next, each image was converted to a binary
image and represented by a matrix of “0” and “1”, and further transformed to a single-
dimensional array which had a length of the number of pixels in the image. The ANN
was then trained to match the arrays of the measured workpieces with the arrays of the
reference workpieces in order to predict the roughness values. The author reported to
achieve the confidence of the roughness prediction above 99%.

Elangovan et al. [15] studied the prediction of surface roughness using vibration
signals in a turning process. The data for roughness prediction consisted of the cutting
parameters, the flank wear and the captured vibration signal parameters. Based on these
data and using a ML regression algorithm, a model for predicting the roughness parameter
R; was built. Several combinations of input attributes were studied; however, the best
results were gained after applying the principal component analysis (PCA) [20]. The
reported root mean square error (RMSE) was about 0.35.

In a paper by Simunovic et al. [16], an adaptive neuro-fuzzy inference system (ANFIS)
for roughness assessment was proposed. In the experiment, the input variables were
represented by the face milling machining parameters: spindle speed, feed per tooth, and
depth of cut. In addition, for every set of the input variables the roughness parameter
R, was measured. Based on the attributes extracted from the captured grayscale images,
fuzzy rules mapping the grayscale image attributes to roughness parameter values were
generated. The authors reported high accuracy in determining the roughness value, which
is reflected in a low normalized root mean square error (NRMSE) value of 6.98%.

An alternative method for roughness measurement was presented by Yi et al. [17].
The authors proposed a visual method where light from the red and green color block
is projected at a predetermined angle to the grinding workpiece surface. From the color
difference (CD), i.e., the difference in the values of the red and green components of each
point, the authors calculated the correlation between the CD value and the roughness
parameter R,. For this purpose, they used a support vector machine (SVM) [21]. The re-
ported accuracy calculated as a relative difference between the measured and the predicted
roughness values was over 90%.

Morales Tamayo et al. [18] used an ANN model to predict the steel surface roughness
in the dry turning process of stainless steel. The researchers produced the specimens by
varying the cutting parameters during the turning process. These parameters were then
used as an input for the ANN model to predict the surface roughness parameter R,. The
results were analyzed by calculating the mean absolute error (MAE) and R? value between
the reference and predicted values of the R, parameter. The minimum reported MAE was
2.87% and the maximum achieved R? value 99%. Based on these results, the authors claim
that this methodology can be used to predict the surface roughness in dry turning of steel.

Recently, Lin et al. [19] presented surface roughness modeling for machined parts
considering the cutting parameters and machining vibration in the end-milling process.
Predictive models were developed using multiple regression analysis and ANN modeling.
In addition to the cutting parameters, the authors also measured the machining vibration
and used it as an input parameter for the ANN model. Utilizing the built ANN model,
they predicted the surface roughness parameter R, and compared it to the reference
measurements. The comparison between the prediction performance of the multiple
regression and ANN models revealed that the latter achieved higher prediction accuracy.
Based on the RMSE and mean absolute percentage error (MAPE) values, the authors
state that the ANN predictive model can serve as base for an on-line surface roughness
measurement system.

According to the reviewed literature, we can state that there is no unique method
suitable for online MV-based roughness measurements. In contrast to our application,
where the roughness of the inner hole surface has to be measured, in most previous studies,
roughness was measured on a flat surface or at the outer diameter of workpieces. The inner
diameter of a commutator mounting hole amounts to only a few millimeters, what makes
our application especially challenging.

130



Mathematics 2021, 9, 1904

As already mentioned, we initially treated the roughness determination problem as
a classification task which was to distinguish acceptable and unacceptable commutators,
and as a regression task where the roughness parameter R, was predicted [5]. Since the
regression task has proved to be much more demanding than the classification task, this
work further extends the scope of the research for predicting the R, parameter value.

3. Online Surface Roughness Measurement System

The proposed system for online prediction of the commutator mounting hole rough-
ness operates in the following steps (see Figure 1):

®  Online capturing of images;

e  Preprocessing of images;

e Extraction of attributes from the preprocessed images;

e Prediction of commutator mounting hole roughness based on the ML model.

Manual setup Automated setup

I 1
1 1
1 1
1 1
| |
{| Camera and Pr . !
1] illumination Sprocessing i if - My settings ML model |}
i settings MV settings i i 9 i
L T 1 L T T ]
Y Y Y ¥
Online )
image Image Attribute R, parameter
capturing preprocessing extraction prediction

Figure 1. Steps of predicting the mounting hole roughness.

A preparatory step in designing the online roughness prediction system was the
selection of representative specimens. In addition, the roughness value of each specimen
was measured to obtain the reference roughness values. These were later used to assess
the prediction accuracy. A detailed description of each step of the proposed approach is
presented in Sections 3.1-3.4.

The parameter settings of image capturing and image preprocessing steps were deter-
mined by a domain expert, based on a trial-and-error method. The criterion in the online
image capturing step was to find the camera-illumination setup, where the features of the
commutator mounting hole surface were emphasized the most. In the image preprocessing
step, the hole surface region was extracted from the original captured image. The MV oper-
ators were selected in a way that the MV algorithm always extracts the most informative
region, regardless of its absolute position in the original image.

Extraction of attributes from an image and roughness prediction based on the extracted
attributes are the crucial steps in designing the online roughness measurement system. The
inputs are the MV algorithm settings and the ML model obtained during the optimization
process in the development phase of the proposed system. In order to obtain the most
appropriate MV and ML algorithm settings, the optimization procedure presented in
Section 4 was carried out.

3.1. Data Preparation

The design of the online system for roughness measurements started with selecting
representative samples and performing the reference roughness measurements. Surface
roughness can be determined by several parameters that are categorized into amplitude
parameters, spacing parameters, and hybrid parameters [22]. The commutator concerned
in this study has a hole roughness defined by the parameter R;; hence, this parameter
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was used as a roughness measure in the experiments. R, represents the height difference
between the maximum peak height and the maximum valley depth of a line profile on a
predetermined sampling length.

The samples were selected from a recalled batch of commutators with inadequate hole
roughness values. The dataset contained 700 instances, which is significantly higher than
the dataset in our initial study [5]. The dataset was split into the training set (630 instances)
and hold-out set (70 instances) used for the result evaluation. The hold-out set was selected
manually and represented 10% of all available instances. To achieve a representative
distribution of instances with regard to the roughness parameter R, all 700 instances were
sorted by the R, parameter value in ascending order and every tenth instance was moved
to the hold-out set (systematic sampling).

The reference roughness measurements were performed by the contact profilometer
Mitutoyo Surftest SJ-210. To reduce the measurement error originating from the previously
described stylus sensitivity, the reference R, values were calculated as an average of
three measurements. Commutators with the roughness parameter value R; < 16 um are
considered acceptable, while the ones with R, > 16 um unacceptable. The distribution of
instances with regard to the R, value is shown in Figure 2.
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Figure 2. Distribution of instances with respect to the value of R,.

3.2. Image Capturing and Preprocessing

The inner diameter of the commutator mounting hole concerned in this study is
only 6 mm. This fact represented a major challenge in capturing the hole surface images.
However, after the validation of several camera-illumination setups, the setup shown in
Figure 3 was established.

Grayscale images of all 700 commutator mounting holes were manually captured and
labeled with the corresponding reference roughness values. The 8-bit grayscale image of the
mounting hole surface has a resolution of 2592 x 1944 pixels. However, to be able to extract
the attributes that are correlated with the R, roughness value, additional preprocessing of
the images has to be performed. The purpose of preprocessing is to extract only the portion
of the image where the hole surface treatment is clearly visible. The sequence of the MV
operators used in the image preprocessing step is shown in Figure 4. The operators, their
parameter settings and their sequence in the preprocessing step were determined based on
the expert knowledge, gained in the development of similar MV applications.
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Figure 3. Camera-illumination setup.

Grayscale TZ:)(:)slik;c:jld Computing Coordinate Mask applied
image (user-defined image system >  (cropped
(8-bit) value) centroid positioning image)

(700 x 300 px)

Figure 4. Image preprocessing algorithm.

The initial step in preprocessing the images is binarization, where a binary threshold
is applied to the 256-grayscale image. In the next step, the resulting binary image is used
to calculate the image intensity centroid. Since the camera-illumination setup is designed
in such a way that the hole surface image contains the highest proportion of high-intensity
pixels, the calculated coordinates of intensity centroid are always positioned at about the
same location of the mounting hole, regardless of its absolute position in the image. The
coordinate system for precise positioning of an image mask is then applied to the calculated
centroid position. Finally, the extraction mask positioned at the coordinate system origin
is applied to the image, and the region of the mask size (700 x 300 pixels), i.e., the region
of interest (ROI), is extracted from the original grayscale image. An example of the image
with marked and extracted ROI can be seen in Figure 5.

3.3. Attribute Extraction

The attribute extraction algorithm consists of four image operators that require four
parameters to be set. Similarly as in the image preprocessing, the operators and their
sequence were determined manually, based on the expert knowledge and experience. The
operators and their sequence in the attribute extraction algorithm are outlined in Figure 6.

133



Mathematics 2021, 9, 1904

Figure 5. Captured image with marked ROI (top) and extracted part of the image (bottom).
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Figure 6. The attribute extraction algorithm.

First, a box filter with a varying kernel size {1,2,...,200} is applied to the image. Due
to the inhomogeneities of the thermoset material used in commutator body manufacturing,
some “salt-and-pepper” noise is present in the image. The box filter reduces this noise and
emphasizes the features describing the mounting hole roughness. Next, the FFT filtering is
applied, truncating a certain portion of high frequencies and thus additionally emphasizing
the features that result from the machine treatment of the hole. The FFT filter enables to set
the filter kernel size in both X and Y directions in the image, in the range of {1,2,...,25}.
Afterwarsd, line profile measurements analog to the contact profilometer measurements
are performed on the grayscale image and the image attributes are extracted. An additional
set of attributes is extracted after applying the Niblack binarization algorithm [23]. The
threshold of the Niblack algorithm is set in the range of {1,2,...,255} and outputs a binary
image consisting of the stripes representing the “peaks” and “valleys” on the commutator
hole surface (see Figure 6).
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In total, 24 numerical attributes describing the properties of the commutator mounting
hole surface were extracted from each image. Specifically, 20 attributes were extracted
from the grayscale images and four from the binary images. The grayscale attributes were
describing the highest and the lowest grayscale value of a pixel in a selected line profile,
the number of grayscale peaks and valleys along the line profile, and the mean grayscale
value of all the peaks and valleys. In addition, four attributes representing the roughness
parameter estimates were calculated from the grayscale line profile. These were Ry, R,, and
R; (ISO and DIN variants). Here, R; (maximum profile height) is determined as

Rt — pmax _ rmin, (1)
where r™3 is the highest grayscale value representing the highest peak and ™" the lowest

grayscale value representing the lowest valley. R, (arithmetic mean of profile values) is
calculated as

1 n
Ruzfzri/ (2)
nT

where 71 is the number of values in the line profile and 7; the i-th value in the profile. RSO
is obtained as

12 .
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where r]r.“ax and r}“i“
respectively. Similarly,

represent the highest peak and the lowest valley in the j-th profile,

RPN is determined as
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j=1

where N is the number of considered profiles. Details on these roughness parameters can
be found in [3].

Moreover, the maximum, the minimum and the average peak and valley grayscale
values were calculated. Lastly, two additional grayscale attributes, the maximum value of
a grayscale image signal and its corresponding index, were extracted by the FFT algorithm.
Finally, the four attributes extracted from the binary images were the percentage of pixels
representing the peaks, the percentage of pixels representing the valleys, and the average
peak and valley width in the image.

3.4. Roughness Prediction

The task in this research was to predict the value of the roughness parameter R,
considering the attributes extracted from the images. An MV algorithm with given settings
(Figure 6) was applied to the commutator mounting hole images to create a dataset of
attributes. In the roughness prediction step, the ML predictive model was applied to the
extracted attributes dataset, and the value of the roughness parameter R; is predicted. For
R; prediction, algorithms for building regression trees and ensembles of regression trees
were used. The reason for using the regression trees was in that they can be interpreted and
their implementation in the online roughness measurement system is not overly complex.

Besides the MV parameter settings, the ML parameter settings influence the ML
prediction accuracy too. In order to find suitable MV and ML algorithm settings, the
optimization procedure presented in Section 4 was applied. The goal of this procedure was
to find the ML model with the highest prediction accuracy.

The chosen evaluation metric was the root relative squared error (RRSE), which has
already been used in [5]. It measures the error of the induced ML model in comparison
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to the error of a simple predictor which ignores the predictions and always outputs the
average of the actual values. It is defined as

where 7 is the number of instances, p; the predicted value of i-th instance, 4; the actual
value of i-th instance, and 7 the average actual value. The final results of the experiments
were additionally assessed with respect to the mean absolute error

1 n
MAE:;E\P:‘-“:‘\ (6)
-1

that is informative for practical considerations as it is expressed in um.

4. Optimization of Algorithm Parameters

In contrast to manual search for suitable MV and ML algorithm parameter settings,
the task can be formulated as an optimization problem where the goal is to find the MV
and ML algorithm settings that minimize the roughness prediction error. The optimization
procedure that produces the most accurate predictive model is shown in Figure 7.
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Figure 7. Optimization procedure that searches for the best MV and ML algorithm settings and
outputs the best R, predictive model.
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The input to the optimization procedure are images of the commutator mounting
hole surfaces. First, the images are preprocessed to extract the part of the image where
the mounting hole is located. During the first run of the optimization procedure, the
initial MV and ML algorithm settings are set by the optimization algorithm. Based on
these settings, the MV algorithm extracts the attributes from the images and creates an
attribute file. The number of instances in the file corresponds to the number of input images.
Next, the attribute file together with the previously initialized ML settings is passed to the
ML algorithm. The output of the ML algorithm is a roughness predictive model and its
objective function value, that is the RRSE prediction error. While the stopping criterion
is not met, the optimization algorithm keeps generating new populations of solutions.
The procedure of generating a new population depends on the employed optimization
algorithm. In our case, solutions represent the MV and ML parameter settings, which
are passed to the MV and ML algorithms and are in the next iteration evaluated by the
optimization algorithm. The optimization procedure stops when a predefined number
of solution evaluations is completed. The output of the optimization procedure is the
best found roughness predictive model with the corresponding MV and ML algorithm
parameter settings.

5. Experimental Setup and Validation Procedure
5.1. Setup

The software environment used in the experiments consisted of MV algorithms for
image preprocessing and attribute extraction, the open-source data mining tool Weka [24],
and the optimization algorithm jDE [25]. The components were integrated through an
interface written in the C++ programming language.

The MV algorithms were implemented using the Open Computer Vision (OpenCV)
library [26] and utilizing the CUDA parallel computing platform and programming mod-
ule [27]. CUDA supports the use of graphical processing units (GPUs) for accelerated
algorithm execution.

Weka was selected as a data mining tool since it is easy to call from the C++ inter-
face. Two regression algorithms available in Weka were used to generate the roughness
predictive models:

e MB5P [28] for building regression trees, and
e RandomForest (RF) [29] for constructing forests of random trees.

Both algorithms involve various parameters that influence the training of predictive
models and, consequently, the predictive model accuracy. In this study, the ML algorithm
parameters were subject to an automated optimization procedure and, therefore, the best
ML parameter values were found by the optimization algorithm.

The following parameters of the M5P algorithm and their values were considered in
the optimization procedure:

. M, the minimum number of instances per leaf in the tree, {1,2,...,20};
e N, use of tree pruning, {true, false};
e U, use of smoothing in predictions, {true, false}.

The parameters and their values for the RF algorithm were as follows:

e Depth, the maximum depth of the tree, {1,2,...,150};

e K, the number of attributes to randomly investigate, {1,2,...,25};

e I, the number of iterations, {20,21,...,200};

e B, randomly breaking the ties when several attributes are equally good, {true, false}.

The optimization algorithm jDE was used to search the MV and ML parameter decision
spaces. jDE is a variant of differential evolution (DE) [6], where only the population size
and the stopping condition need to be set manually, while the differential weight and the
crossover rate are set through self-adaptation [25]. In all the experiments, the population
size was set to 50 and 100 generations were examined, resulting in 5000 evaluated solutions
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per optimization run. The population size and the number of generations were determined
empirically by monitoring the solution improvement over generations.

The decision space size in the case of optimizing the MV and M5P algorithm param-
eters was 2.6 - 107 (number of possible MV and ML algorithm parameter settings, which
is equal to the number of possible values multiplied over all parameters). In the case of
optimizing the MV and RF algorithm parameters, it was even larger, i.e., 4.3 - 103

5.2. Validation Procedure

To build the most accurate roughness predictive model, the optimization was per-
formed over the MV parameters, and the M5P and RF algorithm parameters. The optimiza-
tion procedure was run ten times for each ML algorithm. Based on the extracted dataset of
attributes, for each solution, namely ML and MV parameter settings, a regression predictive
model was built. The prediction error, i.e., the RRSE value, of each built predictive model
was calculated using 10-fold cross-validation (CV). This error was used as the predictive
model accuracy estimate and was the optimization objective to be minimized. In Figure 8,
the RRSE values averaged over ten optimization runs are denoted with suffix “OPT”. The
error during the optimization runs could also be assessed using the hold-out set, but as
shown in [30], in general, minimizing the error estimated with single CV also minimizes
other error estimates.
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Figure 8. Roughness prediction error (RRSE) estimates for regression trees, random forests and the
expert-defined setting. Error estimates for the optimized regression trees and random forests are
averaged over ten runs and marked with suffix “OPT”. Error estimates for the expert defined setting
are marked with “EXP”. For details see Section 5.2.

After each run of the optimization procedure, the accuracy of the best found predictive
model was assessed using the hold-out set. In addition, the same RRSE assessment was
performed for the M5P and RF predictive models built using the expert-defined MV
settings. In this case, the expert settings were defined just for the MV parameters, while the
parameters of the ML algorithms were set to their default values. Since a single predictive
model is constructed in this way, the related result in Figure 8 is represented by a straight
line and marked with the suffix “EXP”.

6. Results and Discussion

Observing the progress of optimization in terms of RRSE over generations for different
algorithms and setups shown in Figure 8, one can draw several conclusions on the resulting
predictive models and their accuracy.
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First, the manual setup of the MV algorithm parameters does not result in optimal
parameter settings. Comparison of the final RRSE values for the manual and optimized
settings shows a major difference in the accuracy of the roughness predictive models.
The results clearly show that the optimization of the MV parameter settings increases the
prediction accuracy.

Next, using different ML algorithms results in predictive models of quite different
prediction accuracy, i.e., average RRSE 28.2% for M5P and 25.9% for RF. Recall that the
expert parameter settings of the MV algorithm in these runs were kept constant and the
ML algorithm parameters were set to their default values. Given the fact that the default
values of ML algorithm parameters are not optimized for a specific ML task, it can be
expected that the optimization of the ML algorithm parameters improves the accuracy of
the predictive model.

Finally, the comparison of the RRSE values averaged over the optimization runs for
the M5P and RF algorithms shows that RF achieves better prediction results. In these runs,
both the MV and ML algorithm parameters are subject to optimization. As a result, the
average RRSE for M5P is 22.9% and for RF 22.4%.

Table 1 shows the comparison of the predictive models validation results between the
expert and optimized MV parameters settings. The models were validated by 10-fold CV
and by the hold-out set, and averaged over ten runs of each algorithm. The best average
prediction accuracy was achieved by the “RF-OPT” algorithm. However, based on the
comparison of the RRSE estimates for each ML algorithm, we can observe that the hold-out
set validation always yields lower RRSE value than the 10-fold CV. This may be due to the
performed systematic sampling of the instances in the hold-out set and relatively small
size of the hold-out set (70 instances). The related MAE values were proportional to the
RRSE results.

Table 1. Prediction error estimates.

10-Fold CV Hold-Out Set
Algorithm
RRSE [%] MAE [um] RRSE [%] MAE [um]
M5P-EXP 28.2 0.82 26.1 0.84
RF-EXP 259 0.80 23.9 0.83
M5P-OPT 229 0.74 22.5 0.71
RE-OPT 224 0.71 21.9 0.70

To better understand the difference between the expert-defined MV settings and MV
settings found by the optimization algorithm, we compared the MV algorithm output
images. The differences between the original image and the images processed using
the expert-defined and the jDE-optimized MV parameter settings are shown in Figure 9.
The images processed using the expert-defined and the jDE-optimized MV settings are
in comparison to the original image filtered and smoothed. They are very similar from
the human eye perspective. However, based on the differences in the output image, a
predictive model with a substantially better prediction accuracy is built in the latter case.
This indicates that even small differences in image preprocessing arising from different
MYV parameter settings can result in improved prediction accuracy.

In addition, we analyzed the most informative attributes appearing in the predictive
models. The analysis was performed in Weka [24] for the M5P and RF algorithms. The
most informative attributes were always selected from the grayscale image attributes
mostly describing the geometrical properties of the commutator mounting hole. These
properties result from the final treatment of the commutator mounting hole. Regardless
of the used ML algorithm, the five most frequent attributes were the number of detected
valleys in the image, the number of detected peaks in the image, the lowest grayscale
value of a pixel in the valley, and the minimum and the average valley width. Recall that
the roughness parameter R;, which we are trying to predict, represents the maximum
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difference between the peak height and the valley depth along the measured line profile.
Based on this knowledge, the connection between the geometrical properties extracted
from the image and the R, parameter can be interpreted. However, other attributes were
also used to build the predictive models, but their selection varied depending on the used
algorithm and specific run.

Figure 9. Comparison of the processed images using the expert and the optimized settings: the origi-
nal extracted image (top), the image processed with expert-defined MV parameter settings (center),
and the image processed with MV and ML parameters set by the optimization algorithm (bottom).

To verify the prediction results of the M5P and RF algorithms using the optimized
settings, the best model found by each algorithm was identified and applied to predict
the roughness of all 700 instances. This was done separately for the training set and
the hold-out set. The results of prediction for the two learning algorithms are shown in
Figures 10 and 11, respectively.

The results of the M5P regression tree show that the accuracies on the training set and
the hold-out set are similar. The estimated RRSE of the best regression tree found on the
training set was 21.2%, while the RSSE achieved on the hold-out set was 22.5%. The MAE
of this predictive model assessed on the hold-out set was 0.71 pum, which is an acceptable
result for practical application.
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Figure 10. Comparison of the measured and predicted values of R, for the training and hold-out set,
using the best found regression tree model.
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Figure 11. Comparison of the measured and predicted values of R; for the training and hold-out sets,

using the best found random forest model.

Comparison of the prediction accuracy of the M5P and RF models shows that the
spread of prediction error is much lower in the case of RE. The best found RF model has the
RRSE measured on the training set equal to 8.6%, while the estimated RRSE of the same
model on the hold-out set is 22.1%. The MAE of this model assessed on the hold-out set is
0.70 pm.

In addition, we compared the accuracy of the best found predictive model and the
accuracy of the existing contact method. Recall that the reference value of the roughness
parameter R, was calculated as an average of three measurements performed with a contact
profilometer. The MAE of these measurements was calculated as a difference between a
randomly selected one of the three measurements and the average value of these three
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measurements. The resulting value was 0.60 um. The MAE of the best RF model was
0.70 um, which is comparable to the accuracy of the contact measurements. In addition,
it was confirmed by a customer that the method is appropriate to perform the statistical
process control (SPC) in the commutator production.

The proposed MV-based roughness measurement method has, in comparison to the
existing contact method, several advantages. Performing a single measurement with a
contact profilometer takes at least 10 seconds, while a complete MV-based measurement,
which consists of capturing the image, extracting the attributes and predicting the rough-
ness value, is performed in approximately one second. Since the MV-based method is very
efficient and enables contactless measurements, it is suitable for online implementation. In
addition, if the method is used in SPC, it enables to perform a higher number of roughness
measurements per batch, resulting in a higher reliability of SPC.

7. Conclusions

This paper presents a novel method of measuring the surface roughness of specific
machined parts for the automotive industry. The method is based on the MV quality
control that enables online and real-time roughness measurements. In addition to MV, the
methodology combines ML and evolutionary optimization to build an accurate model
for predicting the R, roughness parameter. The evolutionary optimization algorithm
searches for appropriate MV and ML parameter settings to produce a predictive model of
acceptable accuracy.

During the development of the MV-based roughness measurement system, two ML
algorithms were tested: an algorithm for building the regression trees and a random forest
algorithm. The random forest algorithm proved to be more repeatable and accurate on
average than the regression tree algorithm; however, the best solutions found by both algo-
rithms were comparable. During the MV and ML parameter optimization, the prediction
error was assessed by 10-fold cross-validation. After the optimization, the accuracy of
the final predictive models was tested on a hold-out set of previously unseen instances.
The validation showed that the found predictive models achieved comparable accuracy
on training and hold-out datasets. In addition, it was confirmed, that the optimization
methodology is beneficial in setting of the MV parameters for reliable quality control.

The best found RF predictive model has the RRSE value of 22.1%, resulting in the
absolute mean prediction error of 0.70 um. This result is satisfactory and comparable to
the accuracy of the SPC contact roughness measurement systems currently installed in
the commutator production. However, the developed methodology enables to perform
the roughness measurement on the production line and control the quality of the turning
process online and in real-time.

The optimization methodology presented in this work can be applied to any MV
algorithm to tune its settings and build a predictive model. Nonetheless, the MV operators
and their sequence used in the optimization procedure were determined manually, relying
on the expert knowledge and experience. Therefore, they may not be optimally selected,
and consequently, the prediction error of the best found regression model, in the case of
using alternative MV operators and their sequence, could be even lower. Accordingly,
our future work will focus on upgrading the presented methodology with automated MV
algorithm construction where expert assistance will no longer be needed.
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Abstract: This paper presents a novel method for optimal tunning of a Fractional Order
Proportional-Integral-Derivative (FOPID) controller for an Automatic Voltage Regulator (AVR)
system. The presented method is based on the Yellow Saddle Goatfish Algorithm (YSGA), which is
improved with Chaotic Logistic Maps. Additionally, a novel objective function for the optimization of
the FOPID parameters is proposed. The performance of the obtained FOPID controller is verified by
comparison with various FOPID controllers tuned by other metaheuristic algorithms. A comparative
analysis is performed in terms of step response, frequency response, root locus, robustness test,
and disturbance rejection ability. Results of the simulations undoubtedly show that the FOPID
controller tuned with the proposed Chaotic Yellow Saddle Goatfish Algorithm (C-YSGA) outperforms
FOPID controllers tuned by other algorithms, in all of the previously mentioned performance tests.

Keywords: Automatic Voltage Regulation system; Chaotic optimization; Fractional Order
Proportional-Integral-Derivative controller; Yellow Saddle Goatfish Algorithm

1. Introduction

The quality of electrical energy is the main demand from consumers in the power system.
Since the indicators of the quality are voltage and frequency, these parameters must be maintained
at the desired level at every moment. Generally, in every power system, the frequency depends
on the active power flow, while the reactive power flow has a greater impact on the voltage level.
Additionally, any deviation of the voltage from the nominal value requires the flow of the reactive
power, which automatically increases line losses. The fluctuations of the voltage can be repressed
using various devices: serial and parallel capacitor banks, synchronous compensators, tap-changing
transformers, reactors, Static VAr Compensators (SVC), and Automatic Voltage Regulators (AVR) [1,2].
This paper deals with AVR systems.

The AVR represents the main control loop for the voltage regulation of the synchronous generator
(SG), which is the main unit for producing electrical energy in the whole power system. Concretely,
the control of the terminal voltage of the synchronous generator is achieved by adjusting its” exciter
voltage. Although the main task of the AVR is to provide stable voltage level at the generator’s terminals,
it is also very important in improving the dynamic response of the terminal voltage. Regardless of the
fact that the control theory developed many modern control techniques, the traditional PID controller
is still the most used in the AVR systems. In general, in this paper, the optimal tuning of the controller
is considered.
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Enhancing the performance of the PID controller for AVR systems is possible by using fractional
calculus. Fractional order PID controller (FOPID) is the general form of the PID controller that uses
fractional order of derivatives and integrals, instead of integer order. Moreover, FOPID can provide
a better transient response and is more robust and stable compared to the conventional (known as
integer order controller) PID controller [3]. Due to the previously mentioned advantages of the FOPID,
this paper deals with this type of controller.

The optimal design of the FOPID controller implies determining the parameters to satisfy defined
optimization criteria (or fitness/objective function). In the available literature, the most used method
for optimal tuning of the FOPID controller is based on metaheuristic algorithms [4-12]. Particle Swarm
Optimization (PSO) and Genetic Algorithm (GA) are applied in [4,5,8,11] to determine the optimal
values of the FOPID parameters. For the same purpose, D. L. Zhang et al. proposed an Improved
Artificial Bee Colony Algorithm (CNC-ABC) [6]. Also, it can be found that the authors used Chaotic
Ant Swarm (CAS) [7], Multi-Objective Extremal Optimization (MOEO) [9], Cuckoo Search (CS) [10],
and Salp Swarm Optimization (S50) algorithm [12] to determine unknown parameters of the FOPID.
Besides the FOPID, many existing studies deal with the optimization of the parameters of the classical
PID controller for the AVR systems [13-22].

Another very important aspect of the optimization process that needs to be particularly reviewed
is the choice of the fitness function. Previously mentioned algorithms introduce a huge variety of fitness
functions that take into account time-domain (rise time, settling time, overshoot, and steady-state
error), as well as frequency domain parameters (gain margin, phase margin, gain crossover frequency,
and so on). One of the most common error-based functions is Integrated Absolute Error (IAE) [6].
Another commonly used time-domain criterion is Zwee Lee Gaing’s function originally proposed
in [13] for PID controller tuning and applied in [7,10] for optimal tunning of the FOPID controller.
Ortiz-Quisbert et al. used the complex function that tends to minimize only time-domain parameters:
overshoot, settling time, and maximum voltage signal derivative [11]. One of the most interesting
approaches in a fitness function definition is combining error-based functions with time-domain
parameters, as presented in [8,9,11]. Concretely, an interesting approach minimizes the Integrated
Time Squared Error (ITSE) of the output voltage, energy of the control signal, and ITSE of the load
disturbance [8]. The objective function in [9] is composed of IAE, steady-state error, and settling
time, while in [11], the objective is to minimize not only IAE, steady-state error, and settling time as
previously mentioned, but also the overshoot and the control signal energy. Fitness function that
consists only of the frequency domain parameters is proposed in [5] and tends to maximize phase
margin and the gain crossover frequency. The trade-off between different frequency domain parameters
(phase margin and gain margin) and time-domain parameters (overshoot, rise time, settling time,
steady-state error, IAE, and control signal energy) is formulated as an objective function in [4].

Although a large number of FOPID tuning techniques have been proposed in the available
literature, the optimal design of the FOPID controller can still be improved by further research. To that
end, this paper proposes a novel design approach of the FOPID controller. The contributions of this
work are highlighted as follows:

e Firstly, the recently proposed Yellow Saddle Goatfish Algorithm (YSGA) [23] is merged with Chaos
Optimization Algorithm [24] in order to obtain novel Chaotic Yellow Saddle Goatfish Algorithm
(C-YSGA). Original YSGA can improve the optimization process in terms of accuracy and
convergence in comparison to several state-of-the-art optimization methods. The improvement
is proven by applying this method on five engineering problems, while the comparison with
other methods is carried out by using 27 well-known functions [23]. Additionally, in this
paper, the superiority of the original YSGA over several other metaheuristic techniques will be
demonstrated on the particular optimization problem. Moreover, an improvement of the YSGA
by adding Chaotic Logistic Mapping is introduced. The purpose of merging two algorithms is
to additionally improve the convergence speed of the YSGA algorithm. Therefore, the original
optimization algorithm for optimal tuning of the FOPID controller will be presented in this paper.
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e Afterward, the new objective function that tends to optimize time-domain parameters has
been proposed. It is demonstrated that the usage of the proposed objective function provides
significantly better results than the other functions proposed in the literature.

e Such an obtained FOPID controller has been compared with those tuned by different optimization
algorithms in terms of transient response quality. The conducted analysis clearly demonstrates
the superiority of the FOPID controller tuned by C-YSGA.

e Finally, different uncertainties have been introduced to the system in order to examine its behavior.
Precisely, the robustness test that implies changing the AVR system parameters is carried out.
Also, the ability of the system to cope with the different disturbances (control signal disturbance,
load disturbance, and measurement noise) is investigated. During all of the mentioned tests,
the FOPID controller tuned by C-YSGA shows significantly better performances compared to
the FOPID controller, whose parameters are optimized by the other algorithms considered in
the literature.

The organization of this paper is as follows. A brief overview of the AVR system, along with the
performance analysis, is provided in Section 2. Section 3 demonstrates the basics of the fractional-order
calculus, which is needed for simulating a FOPID controller. Afterward, a compact and wide overview
of the available literature related to FOPID parameters optimization is given in Section 4. Section 5
shows the mathematical formulation of the novel C-YSGA algorithm that is presented in this paper.
The results of the simulation are given in Section 6. Conclusions are provided in Section 7.

2. Description of the AVR System

The primary function of an AVR system is to maintain the terminal voltage of the generator at
a constant level through the excitation system. However, due to the different disturbances in the power
system, a synchronous generator does not always work at the equilibrium point. Such oscillations
around the equilibrium state can cause deviations of the frequency and the voltage, which can be very
harmful to the overall stability of the power system. In order to enhance the dynamic stability of the
power system, as well as to provide quality energy to the consumers, excitation systems equipped
with AVR are employed. Because of such an important role, the design of an AVR system is a crucial
and challenging task.

A typical AVR system consists of the following components:

e  controller,

e amplifier,

e  exciter,

e  generator, and
° Sensor.

The object that needs to be controlled in this control scheme is a synchronous generator, whose
terminal voltage is measured and rectified by the sensor. An error signal, which presents the difference
between the desired and the measured voltage value, is formed in the comparator. One of the main
components in the AVR scheme that needs to be chosen carefully is the controller. Based on the
error signal and the appropriate control algorithm selected, the controller defines the control signal.
Very often the controller is realized as a microcontroller unit, whose output power is deficient. Due to
this, the existence of the amplifier is necessary in order to increase the power of the control signal.
Finally, an amplified signal is used to control the excitation system of the synchronous generator,
and therefore, to define the terminal voltage level. The scheme of such a described system is depicted
in Figure 1.
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Figure 1. Scheme of the AVR.

In the available literature [4-22], the components of the AVR (except the controller) are presented
as the first-order transfer function, which is composed of gain and time constant. Table 1 gives
a compact review of the transfer functions and the range of each parameter.

Table 1. Transfer functions of each AVR system component.

Component Transfer Function Range of the Parameters
Amplifier Ka/(1 +sTy) 10< K4 <£400,0.025<T4 <0.1s
Exciter Kg/(1 + sTg) 1<Kpg<10,04s<Tg<1s
Generator Kg/(1 +sTg) 07<Kg<1,1s<Tg<2s
Sensor Ks/(1 +sTs) 1<Ks<2,0001s<Ts<0.06s

In the previous table, K4, K, K¢, and Ks stand for gains of an amplifier, exciter, generator,
and sensor, respectively, while T4, Tg, T, and Ts are time constants of the amplifier, exciter, generator,
and sensor. Values that are considered in this paper are K4 =10, Kg =1, Kg=1,Ks =1, T4 = 0.1,
Tg =04, Tg =1, and Ts = 0.01 [5-22]. It is important to mention that the gain of the generator K¢
depends on the load of the generator. Namely, K¢ can take a value from 0.7 (non-loaded generator) to
1 (nominal loaded generator).

Before including the controller in the system analysis, it is necessary to carry out the analysis of
the system in the absence of the controller. To that end, the step response of the AVR system without
the controller is given in Figure 2. In order to demonstrate the behavior of the system in the different
cases of the load, simulations are conducted for different values of parameter K¢ (0.7, 0.8, 0.9, and 1).
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Figure 2. Step response of the AVR system without the controller.

Despite the transient response (time-domain) analysis, it is also very important to take a look at
the frequency response of the system. Frequency characteristics or Bode diagrams of the open-loop
system can provide information about margins of the stability of the closed-loop system. Precisely,
it is important to determine the values of the gain margin and the phase margin, which both need to
be positive in order to have a stable system. For the different values of the parameter K, frequency

responses are shown in Figure 3.
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Figure 3. Bode diagrams of the open-loop system.

Another essential characteristic of the system, and the main indicator of stability, is the root
locus of the closed-loop system. Root locus gives information about the location of the poles of the
closed-loop system. As it is well known from control theory, for the stable system, all the poles must
be located in the left half-plane. The graphical representation of the location of the poles is given in
Figure 4.
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Figure 4. Root locus of the AVR system.

Based on the previously presented figures, all-important time domain and frequency domain
parameters can be computed. Namely, Table 2 shows transient response indices-rise time (t;),
settling time (fs), overshoot in percentage (OS), steady-state error (Eg), frequency response
parameters-gain margin (G;,) and phase margin (P;;), as well as the poles of the closed-loop system.

Table 2. Values of the transient response and frequency response parameters.

Parameter Kg=1 Kg =09 Kg=08 Kg =07
Overshoot (%) 65.214 61.3825 55.9051 50.4818
Rise time (s) 0.2613 0.2755 0.2945 0.3171
Settling time (s) 7.0192 6.5237 5.4086 4.9012
Steady-state error (p.u.) 0.0881 0.102 0.1108 0.1249
—-0.51 + 4.66i —0.6 + 4.461 —-0.69 + 4.25i —-0.79 + 4.01i
Closed-loop system poles -12.48 -12.31 -12.12 -11.92
-99.97 -99.97 -99.97 —99.97
Gain margin (dB) 4.61 5.53 6.55 7.71
Phase margin (°) 16.1 19.56 23.56 28.26
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Root locus and frequency characteristics prove that the AVR system is stable, but the margins of
the stability are low due to the poles that are very close to the imaginary axis of the complex plane.
Also, large values of the overshoot, the settling time, and the steady-state error indicate that the
transient response of the AVR system in the absence of the controller is feeble. In fact, the steady-state
error varies from 8% to 12% (depending on the load of the generator), which means the AVR cannot
complete the main task—maintaining the voltage level at the reference value. All of the aforementioned
deficiencies can be eliminated by adding the controller into the system. According to the available
literature, the most used control strategies for AVR systems are based on classical or integer-order
PID controller, as well as the generic version of the PID controller that is called Fractional-Order PID
controller (FOPID).

Integer-order PID controller is presented by the following transfer function:

K.
ngzm+j+@& 1)

where K, is the proportional gain, K; is the integral gain, and K; is the derivative gain. Integer-order is
a specific case of the PID controller, where the integral and the derivative are first order.

The general type of the PID controller is called Fractional-Order PID controller and is presented
using the following transfer function:

me@:m+%+m& @)
S

where A and p represent the order of the integral and of the derivative, respectively. As the name of the
FOPID indicates, these two numbers can be any real numbers (not strictly integers). The aforementioned
facts make the FOPID the most general form of the PID controller. Specific forms of FOPID controllers
arePID(A=1,u=1),PI(A=1,u=0),PD (A =0, u=1) and P controller (A =0, i = 0), as illustrated in
Figure 5.

Ha

Figure 5. Graphical representation of the different PID controllers.
3. About the Fractional Order Calculus

Regarding the problem of the fractional-order calculus, many different approaches have been
proposed. According to [3], the most commonly used definitions of the fractional-order calculus are
Grunwald-Letnikov, Riemann-Liouville, and Caputo definition.

Grundwald-Letnikov’s approach defines the ath order derivative of the function f in the limits
from a to t as follows: (e

I

D”‘i - }lim—Z(—l)’( ’: )f(t—rh), 3)
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where /1 stands for the time step, and the operator [-] takes only the integer part of the argument.
The variable n must satisfy the condition n—1 < & < 1, while the binomial coefficients are defined by:

n I'(n+1)
=, “4)
r I(r+1)I(n-r+1)
where the definition of the Gamma function is well known:
I'(x) = f Fletdr, (5)
0

Riemann and Liouville proposed the definition of the fractional-order derivative that avoids using
limit and sum, but uses integer-order derivative and integral, as follows:

Another definition of fractional order derivative is proposed by M. Caputo and is defined by the
following Equation:

na 1 t f(">(T)
D [Il— F(n—a)j; (t—’c)“inﬂdﬂ[' (7)

However, the aforementioned formal definitions show the lack of applicability in real-time
implementation (digital implementation on a computer) [24]. In order to exceed such a problem,
A. Oustaloup proposed the recursive approximation of the fractional-order derivative [25].
Such an approach is trendy among the large number of authors that deal with optimal tuning
of the FOPID controller [4,5,7,8,11]. Moreover, in practical implementations of the fractional-order
calculus, it can be seen that the Oustaloup’s idea dominates over the formal definitions. Because of that,
in this paper, Oustaloup’s recursive approximation will be used to model fractional-order derivatives
and integrals. Mathematical approximation of the ath order derivative (s%) is given by Equation (8):

N ,
S+ w

srof [] 05 ®)
k=N k

where the zeros and the poles are defined as follows:

(k+N+(1+a)/2) (k+N+(1-a)/2)

) aNTT) W @NTT)
wy = wb(_h) s wi = wb(—h) . )
wy Wy

Before applying the given recursive filter, it is necessary to define the number N that determines the
order of the filter (order is 2N + 1) and the frequency range of the approximation {wy, wy,}. In this study,
the order of the filter is chosen to be 9 (N = 4), and the selected frequency range is {1074, 10%) rad/s.

It is imperative to mention that Equation (8) is valid only for a€(0, 1). Thus, in the case the
fractional-order « is higher than 1, it is necessary to conduct a simple mathematical manipulation.
Precisely, fractional-order @ can be separated as follows:

¥ =¢"" a=n+0, neZ, 6€(0,1). (10)

)

Afterward, Outstaloup’s recursive approximation is applied only on s?, since s" is already

an integer-order derivative.
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4. Overview of the Literature

The problem of optimal design of the FOPID controller means the determination of the parameters
Ky, K;, K4, A, and i so that the certain objective function achieves the minimum (or maximum) value.
The most common performance indicators of the tuned FOPID controller are the transient response
parameters of the closed-loop system: rise time, settling time, overshoot, and steady-state error. In order
to present the results obtained by the recent studies that deal with FOPID tuning, Table 3 provides
optimal values of the FOPID parameters and the corresponding transient response parameters of the
acquired AVR system.

Table 3. FOPID parameters and transient response parameters from the literature.

Method

Number Reference K, K; K, u A t, (s) ts (s) OS (%) |Ess| (pu)
1 [5] 0.408 0.374 0.1773 1.3336 0.6827 1.0083 1.512 0.0221 0.0155
2 [5] 0.9632 0.3599 0.2816 1.8307 0.5491 1.3008 1.6967 6.99 0.0677
3 [5] 1.0376 0.3657 0.6546 1.8716 0.5497 0.0104 1.8796 30.8479 0.0595
4 [6] 1.9605 0.4922 0.2355 1.4331 1.5508 0.1904 1.0259 4.8187 0.0102
5 [7] 1.0537 0.4418 0.251 1.1122 1.0624 0.2133 0.6145 5.2398 0.0153
6 [7] 0.9315 0.4776 0.2536 1.0838 1.0275 0.2259 0.564 3.7006 0.0098
7 [8] 0.9894 1.7628 0.3674 0.7051 0.9467 0.1823 1.8835 58.315 0.0409
8 [8] 0.8399 1.3359 0.3511 0.7107 0.9146 0.1998 1.8727 44.8059 0.0146
9 [8] 0.4667 0.9519 0.2967 0.2306 0.8872 0.3041 1.986 45.2452 0.1768
10 [9] 2.9737 0.9089 0.5383 1.3462 1.1446 0.0769 0.388 8.6266 0.0086
11 [10] 2.549 0.1759 0.3904 1.38 0.97 0.0963 0.9774 3.5604 0.0321
12 [10] 2,515 0.1629 0.3888 1.38 0.97 0.0967 0.9849 3.5141 0.033
13 [10] 2.4676 0.302 0.423 1.38 0.97 0.0902 0.9933 3.2504 0.0283
14 [11] 1.5338 0.6523 0.9722 1.209 0.9702 0.0614 1.3313 22.5865 0.0175
15 [12] 1.9982 1.1706 0.5749 1.1656 1.1395 0.1011 0.5633 13.2065 0.0068

It is important to mention that the transient response parameters presented in the table are the
calculated values obtained by carrying out the simulations with the given FOPID parameters. In order
to conduct the graphical comparison between given references in terms of the transient response
parameters, Figures 6-9 present rise time, settling time, overshoot, and steady-state error, respectively,
for each method from Table 3.

Rise time (s)

min:0.01

12 3 45 6 7 8 9101112131415
Method number

Figure 6. Rise time for each method from Table 3.
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Figure 7. Settling time for each method from Table 3.
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Figure 8. Overshoot for each method from Table 3.
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Figure 9. Steady-state error for each method from Table 3.
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The process of the optimization of the FOPID parameters highly depends on the chosen objective
function that has to be minimized (or maximized). Considering the importance of the objective
function, the list of different used functions is given in Table 4. It can be observed that certain authors
use a single objective function [4,6,7,10-12], while others perform multi-objective optimization [5,8,9].

Table 4. The list of the used objective functions.

Objective Function Reference
OF = wy -OS 4wy -ty + w3 - ts + wy - Ess + f(w5 le(t)] + we - Vf(t)z)dt+ =+ % [4]
N1 = Wgcs J2 = Pm [5]
IAE = [ le(t)\dt [6]
ZLG = (1-¢P)- (OS+Eg) +e P (ts—t;) [7,10]
Ji= [te2(t)dt, Jo = [AuP(t)dt, J3 = [ teoeq®(t)dt [8]
J1 =1AE, ], = 1000|Ess|, J3 = ts [9]
OF = w; - OS +wy - ts + w3 - Ess + wy [ le(t)|dt + ws [u?(t)dt [11]
OF = (w; - 08) + wyt,? + —%— [11]
(max_dv)
ITAE = [ te(t)ldt [12]

In the previous table, e is the error signal (the difference between the reference voltage and the
terminal voltage), Viis the voltage of the generator field winding, wg. is the gain crossover frequency,
u is the control signal (the output of the controller), ey, is the error signal when load disturbances are
present, and max_dv is the maximum point of the voltage signal derivative. The weighting coefficients
are marked as wq, w,, w3, ..., Wg.

5. Proposed Chaotic-Yellow Saddle Goatfish Algorithm

The development of the Yellow Saddle Goatfish Algorithm (YSGA) is based on the model of
the hunting process by a group of yellow saddle goatfishes, as proposed in [23]. According to this
approach, the whole population of the fishes is split into sub-populations. Each sub-population has one
fish that is called a chaser, while the others are called blockers. Also, the search space of the possible
solutions for the optimization problem is represented by the hunting area of the goatfishes.

The first step of the YSGA is the initialization of the population. Assuming that a population P
consists of m goatfishes (P = {p1, p2, ..., pu}), each goatfish is initialized randomly between the low
boundary (b1 and the high boundary (b of the search space [23]:

pi:rand~(hH—bL)+bL,i:1,2,...,m, (11)

where rand is a vector of random numbers between 0 and 1. It is very important to mention that p; is
a vector that consists of # decision variables (variables that are being optimized). Furthermore, b" and
bH are also vectors that represent lower and upper boundaries for each decision variable.

According to (11), the initialization process of the original YSGA proposed in [23] is random,
which does not ensure a good starting point in the optimization process. Namely, metaheuristic
algorithms have extremely sensitive dependence on the initial conditions, so the improvements in
this part may have a great effect on the overall performance of an algorithm. The idea of introducing
Chaotic maps into the metaheuristic algorithms in order to replace the random parameters that
appear in the algorithm is shown in [26-28]. Among the most interesting approaches are the ones
presented in [29-31], where the random population is replaced with the population generated by
Chaotic algorithm with different maps. There are many existing Chaotic maps, such as circle map,
cubic map, Gauss map, ICMIC map, logistic map, sinusoidal map, and so on. In order to examine the
performances of the mentioned maps, many authors provide a mutual comparison of the different
maps [29-33]. Concretely, the comparison is carried out by solving concrete optimization problems
employing the different Chaotic maps. The existing studies demonstrate that the logistic mapping is
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the most convenient to use, due to the better computational efficiency than other mentioned Chaotic
maps [29-33].

Based on the previous analysis, this paper introduces the initialization of the population using
Chaotic Logistic Mapping [24]. Thus, the random initialization is given by (11), which is proposed by
the original YSGA algorithm, is replaced by the initialization provided as a result of Chaotic Logistic
Mapping. The proposed model of the initialization of the population is described by (12) and (13).
Firstly, vectors y; that are the products of Logistic Mapping are introduced as follows:

y1 = rand,

. 12
y,-H:,uvy,w(l—yi),1:1,2,...m, ( )

where rand stands for a vector of random numbers in the interval [0,1], and p is the coefficient that is
chosen to be 4 in this study. In this manner, we gave the chaotic character of the basic Yellow Saddle
Goatfish Algorithm.

Afterward, initialization in C-YSGA is realized according to the following Equation:

pi=yi- (7 =bt) 405 i=12,...,m (13)

Before starting the process of the hunt, the whole population must be divided into sub-populations
or clusters. Each of the k clusters c; has a chaser fish @; and the blocker fish . Clustering can be made
using any of the clustering algorithms. However, the YSGA algorithm uses the K-means clustering
algorithm in order to divide the population, as it is described in [23] in detail. The cluster organization
of the population is depicted in Figure 10.

O Chaser fish

@ Blocker fish

Cr Cluster

Figure 10. Graphical view of the goatfish population.

The chaser fish of each cluster is the one with the best fitness value. The first step of the hunting
process is to update the position of the chaser fish. If the current position is denoted as @', the updated

position is @/ *+1 and the best chaser fish from all clusters is @p,s!, where ¢ represents the number of

the iteration; the updated law is given by the following Equation:

u
ot = @f + a(lvlTﬁ)(cbﬁ - Dpet’), (14)

where a defines the step size (it is set to 1 in this study), and g is Levy index that is calculated as follows
(tmax stands for the maximum number of iterations):

B = 1.99 + 001/4,,,. (15)
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Parameters u and v from (14) are defined using the following equations:

1/p
1+
U~ N(O, Uuz)' oy = [%] (16)
v~N(0,0,%), 0u =1, 17)

where I stands for Gamma function and N for normal distribution. In order to update the position of
the best chaser fish from all clusters, it is necessary to use (18) instead of (14):

(Dhest = q’beat + a(| ll/ﬁ) (18)

The next step in the optimization process is the update of the positions of the blocker fishes.
The new position of the blocker fish <pgt+1 can be determined based on the following Equation:

({Jng =lr-& - (ng| - . cos(2mp) 4+ @y, (19)

where p is a random number between a and 1, r is a random number between 0 and 1, and b is the
constant that is set to be 1. The parameter a is called the exploitation factor and is linearly decreased
from —1 to —2 during the iterations.

It is vital to keep in mind that during the optimization process, the exchange of roles may occur.
Namely, if the blocker fish has a better fitness value than the chaser fish, they exchange the roles,
and the blocker fish becomes a new chaser fish in the next iteration.

The YSGA model has the predefined parameter A, which is called an overexploitation parameter.
Precisely, if a solution is not improved in A iterations, it is necessary to change an area of the hunt.
Each goatfish, no matter if it is chaser or blocker, must change the hunting area according to the
following Equation:

q)bcst + Pg !

ngﬂ = (20)

where po! and pg“l represent old and new positions of the goatfish, respectively. The whole described
process is iteratively repeated until the maximum number of iterations is reached. The detailed
description is provided with the pseudo-code presented in Table 5.

Table 5. Pseudo-code of the proposed C-YSGA.

Pseudo-Code of the C-YSGA

Enter the input data: m, k, tyayx, A
Initialize the population P using chaotic logistic mapping
According to the fitness values determine @p,;
Split the population into k clusters and determine the chaser fish @; for each cluster
while (f < tyax)
for each cluster
Update the position of the chaser fish and blocker fish
Calculate the fitness value of every fish
Exchange the roles if any blocker fish has better fitness value than the chaser fish
Update the @y, if the chaser fish has better fitness value
If the fitness value of the chaser fish has not improved, increase the counter g by 1
If the counter 4 is higher than A then apply the formula for the change of the zone
end for
t=t+1
endwhile
Dpest is the output result of the algorithm

This section is not mandatory but can be added to the manuscript if the discussion is unusually
long or complicated.
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6. Simulation Results

This section presents the results that are obtained by applying the proposed C-YSGA method to
optimize the FOPID parameters of the AVR system.

Firstly, the formulation of the optimization problem is provided, including the novel objective
function presented in this paper. Afterward, the convergence characteristics of the different optimization
algorithms used in the literature are compared to the one obtained by C-YSGA in order to demonstrate
the convergence superiority of the proposed algorithm. Furthermore, the comparison is conducted in
terms of the step response of the AVR system, as well as in the cases of different kinds of uncertainties
and disturbances in the system.

6.1. Formulation of the Optimization Problem

From (2), it can be seen that the FOPID is defined with 5 parameters, K, K, Ky, A, and y,
which need to be optimized so that the controller satisfies the desired performances. The optimization
process is guided by the objective function that defines the performances of the AVR system.

In order to provide a good quality transient response (for the reference step signal), we tested
all of the previously used objective functions. However, none of the mentioned functions provide
the appropriate system responses as they do not take into account all of the essential characteristics
(time-domain parameters or frequency parameters). Furthermore, they do not give an appropriate
compromise between all the critical time-domain parameters. On the other side, the objective functions
that are based on frequency parameters have higher execution time, which makes the optimization
process slower. Observing the different mathematical formulations of the objective functions presented
in [4,7,10,11], the authors in this paper propose a novel objective function (21) that contains a smaller
number of weighting coefficients, but also outperforms other objective functions in the literature:

OF = wy - ftle(t)ldt + wpOS + ws|Egs| + wyts. (21)

Weighting coefficients are chosen carefully after many experiments, and the following values
are considered in this paper: wy = 1, wp = 0.02, w3 = 1, and wy = 5. The values of the coefficients are
chosen after many experiments with different combinations. It can be seen that w, has a significantly
lower value than the other three weighting coefficients. The reason for this is that the overshoot in
(21) is given in percentage, and its value is always larger than the values of ITAE, settling time, and
steady-state error. Concretely, from Table 3, it can be observed that the highest value of overshoot can
g0 to 45%, while the settling time and the steady-state error reach maximum values of 1.9 s and 0.17 pu,
respectively. However, it is very important to highlight that the presence of the FOPID controller can
make the closed-loop system unstable. In order to surpass that, this paper uses optimization with
constraints. In other words, each solution (each set of FOPID parameters) is first tested to examine if
the obtained closed-loop system remains stable. If a certain solution makes the system unstable, it is
automatically removed, ignoring its fitness value. The size of the population in the C-YSGA algorithm
is selected to be 40, and the maximum number of iterations is 50. Also, the lower and upper boundary
must be defined for each of the optimization variables. Taking into account previous studies related to
this topic, the chosen boundaries that are used in this paper are presented in Table 6.

Table 6. Boundaries of the optimization variables.

Parameter Lower Bound Upper Bound
Ky 1 2
K; 0.1 1
Ky 0.1 0.4
A 1 2
u 1 2
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By using the proposed C-YSGA method and the novel objective function depicted above, the
optimal FOPID parameters are: K, =1.762, K; = 0.897, K; = 0.355, p =1.26, and A = 1.032. The proposed
method is compared with all methods presented in Table 3, and the results are provided in Table 7 where
the best value is in bold. Note, the best solutions of each method, as it is shown in Table 3, are applied
with the proposed fitness function given by (21). It is clear that the new fitness function proposed in
this paper has the lowest value when the FOPID parameters obtained by C-YSGA algorithm are used.

Table 7. Comparison of the proposed method with other techniques from literature in terms of OF.

Method

Number Proposed 1 2 3 4 5 6 7
OF value 1.08 246 473 50 101 84 45 123
Method 8 9 10 11 12 13 14 15
number
OF value 10.1 536 23 48 48 3 9.8 31

6.2. Convergence Characteristics

The main goal of hybridizing the concepts of two algorithms (classical YSGA and chaotic logistic
mapping) is to accelerate the convergence speed of the original algorithm. Due to the fact that the
initial population of the C-YSGA is not selected randomly, but it is the product of the chaotic logistic
mapping, it is expected that the proposed algorithm will reach the optimal solution for the least number
of iterations. In order to demonstrate that, the original YSGA algorithm, as well as PSO [11], CS [10],
and GA [5] algorithms have been implemented to determine the optimal FOPID parameters using the
proposed objective function (21). The convergence curves of all mentioned algorithms demonstrate that
the C-YSGA algorithm converges in a minimum number of iterations (approximately 10) compared
to the other algorithms, as it is depicted in Figure 11. In this figure, the convergence characteristics
represent the mean value of convergence characteristics when we started all the algorithms multiple
times. Therefore, the chaotic improvement of the standard YSGA algorithm enables obtaining better
convergence characteristics. In that manner, it is demonstrated that Chaotic maps, in combination with
the metaheuristic algorithm, improves the initial position, which is very important for the convergence
speed of the algorithm.

(4]

EN

w

N

Fitness function

N

Iteration
Figure 11. Convergence curves comparison for the different algorithms.
6.3. Step Response

Among all the presented results in Table 3, for the comparison with the proposed C-YSGA,
the papers [5,10,11] are chosen. The main indicators of the step response quality-rise time, settling time,
overshoot, and steady state-error, as well as the obtained FOPID parameters, are presented in Table 8,
the best values are marked in bold.
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Table 8. Comparison of the transient response parameters.

Algorithm Ky K; Ky u A t, (s) ts (s) OS (%)  |Ess| (pu)

C-YSGA 1.7775 09463 03525 1.2606  1.1273  0.1347 0.2 1.89 0.0009
PSO [11] 15338  0.6523  0.9722 1.209 0.9702  0.0614  1.3313 22.58 0.0175
CS[10] 2.549 0.1759  0.3904 1.38 0.97 0.0963  0.9774 3.56 0.0321
GA [5] 09632 03599  0.2816  1.8307 05491  1.3008  1.6967 6.99 0.0677

Additionally, the step response of the AVR system with FOPID parameters from Table 4 is shown
in Figure 12. Undoubtedly, it can be concluded that the FOPID controller tuned by the proposed
C-YSGA method provides better transient response compared to the other considered algorithms.
Precisely, the settling time, the overshoot, and the absolute value of the steady-state error have the
least values when the C-YSGA is used, while the rise time has a very low value. Taking a look into
the previous table, it can be seen that the overshoot with the PSO algorithm [11] is 22%, which is
an unacceptably big value. Similarly, the rise time and the settling time with the GA algorithm are
larger than 1 s, which makes the voltage response extremely slow.
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Figure 12. Step response of the AVR system using different algorithms.

6.4. Robustness Analysis

The analysis in the previous section is conducted under the nominal conditions. However, it may
occur that the components of the AVR system change their parameters. One of the tasks of the FOPID
controller is to ensure the stability of the system and the high quality of the step response in the case
of the sudden change in the parameters’ values. To that end, the robustness analysis of the AVR
system with the C-YSGA FOPID controller is conducted, and the results are presented in Figures 13-16.
Precisely, the study is carried out for the change of time constants T4, Tg, T, and Ts from —50%
to +50% of the nominal value, in steps of 25%. The step response of the AVR system is shown in
Figures 13-16.
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Figure 13. Step response under the variation of T4,
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Figure 16. Step response under the variation of T’

The results of the previous analysis prove that the C-YSGA FOPID controller makes the AVR
system very robust to the changes of each parameter. It is observed that the step response does not
deviate a lot compared to the nominal conditions.

6.5. Rejection of the Disturbances

The ability of the FOPID controller to cope with the different disturbances is analyzed
by introducing three kinds of disturbances into the AVR system: control signal disturbance,
load disturbance, and measurement noise. The block diagram of the AVR with considered disturbances
is depicted in Figure 17, while their detailed description is given as follows:

e  One of the most common disturbances not only in the AVR system but generally in every
control system is control signal disturbance. In this subsection, the obtained C-YSGA FOPID
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controller is compared with FOPID controllers tuned by PSO [11], CS [10], and GA [5] algorithms.
Control signal disturbance is presented as a constant step signal in the first case, and in the second
case as a step signal that lasts from t =2 s to t = 8 s. Step responses of the AVR system are shown

in Figure 18 for both cases.

e  Afterward, the load disturbance that is specific mainly for AVR systems is presented. Similarly to
control signal disturbance, it is modeled as a step signal that lasts from t =2 stot =35s.

The obtained step responses, in this case, are shown in Figure 19.

e The last type of disturbance is measurement noise, which is modeled as white Gaussian noise
with the power 0.0001 dBW. Figure 20 presents the step responses of the AVR system when the

measurement noise is present.

control signal
disturbance

reference
+

load

disturbance

voltage

FOPID controller

Amplifier H Exciter H Generator

terminal

voltage

>

Sensor
L n
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noise

Figure 17. Block diagram of the AVR system considering different kinds of disturbances.
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Figure 18. Step responses in the two different cases of the control signal disturbance. (a) constant signal,

(b) step signal that lasts from t =2stot=8s.
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Figure 19. Step responses in the case of load disturbance.
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Figure 20. Step responses in the case of measurement noise.

Based on the previous figures, it is obvious that the FOPID controller whose parameters are
optimized by using a novel C-YSGA algorithm provides a significantly better ability to reject different
types of disturbances. Comparison is conducted with some of the most popular and most used
algorithms, whose performances, in this case, are remarkably weaker than the proposed method.
To be more precise, from Figures 18 and 19, it can be noted that the voltage does not reach its
nominal value after the disturbance is introduced, when the controllers presented in [5,10,11] are
used. Such fluctuations in the terminal voltage, caused by the inability of the controller to reject the
disturbance, can present a major problem for the consumers of the electrical energy. Unlike them,
the FOPID controller tuned by using C-YSGA provides a very stable level of the terminal voltage,
whose value reaches the nominal value in a very short period after the disturbance in the system occurs.

7. Conclusions

This paper proposes the novel optimization algorithm in order to optimize the FOPID controller
parameters in the AVR system. The proposed algorithm presents the compound of the Yellow Saddle
Goatfish Algorithm (YSGA) and Chaotic Logistic mapping to obtain the innovative Chaotic-Yellow
Saddle Goatfish Algorithm (C-YSGA). Instead of random initialization of the population, as in many
existing metaheuristic algorithms, Chaotic Logistic mapping is used to determine the initial point in
the optimization process. It is proved in the paper that such an approach significantly accelerates the
convergence of the algorithm. Furthermore, to determine optimal FOPID controller parameters, a new
objective function is presented. The results obtained by applying the proposed algorithm with the new
objective function introduced in this paper provide significantly better voltage response of the AVR
system compared to other considered algorithms. The robustness of the AVR system with such an
obtained FOPID controller is tested by changing the AVR system’s parameters. It is shown that in
all examined cases, the step response of the AVR system has extremely small deviations compared
to the nominal case, which means the system is robust to the uncertainties in the system. Moreover,
three very often disturbances are introduced into the system, and the system’s behavior with different
FOPID controllers is analyzed. The mutual comparison shows that the C-YSGA FOPID controller is by
far the best in rejecting all considered types of disturbances.

We think that in this way, the algorithm is improved, no matter what optimization problem is
considered. In this paper, we tested its applicability and efficiency on the problem of optimal FOPID
design. However, at the moment, we are working on proving its superiority over other literature
known methods for solving the synchronous machine parameters estimation problem. To that goal,
we consider field and armature current waveforms during the short circuit test.
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Abbreviations

AVR Automatic Voltage Regulation

svC Static Var Compensator

SG Synchronous generator

PID Proportional-Integral-Derivative

FOPID Fractional Order Proportional-Integral Derivative
YSGA Yellow Saddle Goatfish Algorithm
C-YSGA  Chaotic Yellow Saddle Goatfish Algorithm
PSO Particle Swarm Optimization

GA Genetic Algorithm

CNC-ABC Improved Artificial Bee Colony

CAS Chaotic Ant Swarm

MOEO Multi-Objective Extremal Optimization
cs Cuckoo Search

SSO Salp Swarm Optimization

IAE Integrated Absolute Error

ITSE Integrated Time Squared Error
Nomenclature

K amplifier gain

Kg exciter gain

K¢ generator gain

Ks sensor gain

Tx amplifier time constant

Te exciter time constant

Tg generator time constant

Ts sensor time constant

tr rise time

ts settling time

oS overshoot

Ess steady-state error

Gm gain margin

Py phase margin

Ky proportional gain

K; integral gain

Kq derivative gain

A order of the integral

u order of the derivative

e error signal

Vi voltage of the generator field winding
Wec gain crossover frequency

u control signal

€load error signal when load disturbances are present
max_dov maximum point of the voltage signal derivative

wy, Wy, W3, ..., wg weighting coefficients
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P population

m number of goatfishes

bt low boundary

pH high boundary

rand vector of random numbers between 0 and 1

Vi product vector of Logistic Mapping

k number of clusters

Ck cluster

()] chaser fish

Pg blocker fish

Dpest best chaser fish

t number of the current iteration

Fnax maximum number of iterations

a step size

B Levy index

T gamma function

N normal distribution

a exploitation factor

r random number between 0 and 1

p random number between a and
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Abstract: As technology improves, the complexity of controlled systems increases as well. Alongside
it, these systems need to face new challenges, which are made available by this technology advance-
ment. To overcome these challenges, the incorporation of Al into control systems is changing its
status, from being just an experiment made in academia, towards a necessity. Several methods to
perform this integration of Al into control systems have been considered in the past. In this work,
an approach involving GP to produce, offline, a control law for a reentry vehicle in the presence of
uncertainties on the environment and plant models is studied, implemented and tested. The results
show the robustness of the proposed approach, which is capable of producing a control law of a com-
plex nonlinear system in the presence of big uncertainties. This research aims to describe and analyze
the effectiveness of a control approach to generate a nonlinear control law for a highly nonlinear
system in an automated way. Such an approach would benefit the control practitioners by providing
an alternative to classical control approaches, without having to rely on linearization techniques.

Keywords: evolutionary optimization; genetic programming; control; differential evolution; reusable
launch vehicle

1. Introduction

Several decades after its formulation, and despite the great abundance of different
control schemes and paradigms in the academic literature, the PID controller is still the
most used control approach in industrial and real world applications. This is due to its
simplicity, effectiveness and to the decades long active research. Nonetheless, it needs to
be applied to linear or linearized models to work efficiently. This is particularly difficult in
the aerospace domain, where the physics of the controlled plant and of the environment
are defined by nonlinear models. To overcome the limitations of the PID controller and
improve the performances and robustness of a control system, several control system
design approaches have been proposed in the past, such as optimal control, adaptive
control and robust control. However, all these different control system design approaches
require accurate mathematical models and they are challenged by the nonlinear character of
these models [1]. Moreover, as discussed by Haibin et al. [2] and Xu et al. [3], these complex
systems have to meet stringent constraints on reliability, performances and robustness
and the current control methods can only satisfy these constraints partially, usually by
relying on simplified physical models. An in depth review of guidance control algorithms is
presented by Chai et al. [4]. In their work, several guidance control algorithms are analyzed
and divided into three main categories: Stability-theory based, optimisation-based and Al-
based. Each of these three approaches present pros and cons which can be summarized as
follows: Stability-theory based methods are characterized by a well defined mathematical
formulation and proof of their stability; nonetheless, they present issues when dealing with
uncertainties and when the controlled system models are not well defined. As for stability-
theory based methods, also the optimisation-based methods’ robustness and stability are
proved mathematically and they are flexible in the sense that they can be easily combined
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with other tools. However, they are computationally expensive, they have issues when
dealing with constraints and nonlinearities and the reliability of the approaches devised to
overcome these limitations, e.g., convexification, can be questioned. To overcome these
issues and to fully exploit the available nonlinear models, Al could be used and integrated
in classical control schemes. Despite the application of Al for control purposes is still
in an early stage, it could greatly enhance the control capabilities and the robustness of
classical control schemes. However, as pointed out in [4], they lack of mathematical proofs
of reliability. A more in depth survey on some of the latest applications of Al in spacecraft
guidance dynamics and control was produced by Izzo et al. [5] where the potential benefits
of this research direction were assessed. A promising Al technique which can be used for
control purposes is GP. GP is a CI technique belonging to the class of EAs. It was made
known by Koza in 1992 [6] and it is capable of autonomously finding a mathematical input-
output model from scratch to minimize/maximize a certain fitness function defined by
the user. As other EAs, it starts from an initial population of random individuals and then
evolves them using evolutionary operators such as crossover, mutation and selection until
a termination condition is met. The evolution is guided by the principle of the evolution of
the fittest and it proceeds by finding increasingly better individuals to solve the desired
problem. In contrast to other EAs, in GP an individual is structured as a tree which
represents a mathematical function. This clear representation of the models produced by
GP is an advantage when compared to other ML techniques, like NNs, especially in a
control context. In fact, to assess the reliability and robustness of a control scheme it is
desirable to have the complete mathematical representation of it. This can be naturally
achieved by GP while a NN produces a so called black-box model, where inputs are
provided and outputs are produced but what is inside the model is not known to the user.
The effectiveness of a GP based controller was discussed in [7], where it was shown that
GP is capable of producing human-competitive results. In general, in a control context GP
can be used to autonomously find a control law, starting from little or no knowledge of the
control system, capable of performing the guidance or attitude control of a desired plant. It
is not limited by the aforementioned nonlinearities and by being autonomous, it permits
to avoid the cumbersome mathematical formulation of other control approaches. Hence,
the aim of this work is to present a controller design approach based on GP applied to the
reentry guidance control problem of the FESTIP-FSS5 RLV, considering the presence of
uncertainties in the environment and plant models. The purpose of the presented control
approach is to overcome the challenges related to the control of highly nonlinear systems.
In particular, the proposed approach allows avoiding the use of linearization techniques
that introduce modelization discrepancies and over simplified controllers that can fail in
real conditions. This is particularly true for reentry applications, where the environment
and aerodynamic models vary rapidly and modelization and control simplifications can
result in system failures. To the best of the authors knowledge no application of GP to the
guidance control of a reentry vehicle was found in the literature. The learning process is
performed offline due to hardware limitations, but, as the hardware technologies improve,
there will be the possibility to perform the process online in the future. A recent example of
progress in this direction is represented by the work of Baeta et al. [8], where they proposed
a framework to deploy GP using TensorFlow. If such an approach proves to be easily
applicable to other GP applications, with improvements in the computational time of the
same order of magnitude of those found in [8], it would represent a big step forward in
the online usage of GP for control purposes. In fact, what was done so far in the literature
consists in applying the GP offline to find a control law. On the other hand, if GP is used
online, it is possible to define that control approach, IC [9].

The reminder of the paper is organized as follows: In Section 2 an overview of the
different control approaches for reentry applications is provided; in Section 3 the theory
behind GP and the particular GP algorithm employed in this work, the IGP, are presented
along with a description of the IGP settings for this work. In Section 4 the chosen test case
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is described, while in Section 5 the obtained results are presented. Finally, in Section 6 the
found conclusions and future work directions are discussed.

2. Related Work

Among the different control approaches employed for reentry applications, the most
commonly used are MPC, Optimal Control and Sliding Mode Control. MPC is a control
strategy akin to optimal control, in the sense that a finite-horizon optimization of the control
variables is performed online while satisfying the imposed constraints. Luo et al. [10] used
this technique to solve the attitude control problem of a reentry vehicle while considering
the actuator dynamics and failure scenarios. A more recent approach involving MPC is
proposed by Wang et al. [11], where they used a convex optimization with pseudospectral
optimization inside an MPC framework, to solve a constrained rocket landing problem.
Both these approaches proved to be successful, but in order to be applied, they must rely
on simplified aerodynamic models or on the constraints convexification as done for the
convex optimization approach. These restrictions are common to Optimal Control. In fact,
the use of an optimizer, especially gradient based, inside a control framework is an issue
if the models involved are nonlinear. Nonetheless, Optimal Control is widely used, both
for ascent and reentry trajectory optimization. An example of that is represented by [12],
where a pseudospectral optimal control approach is used to generate online the optimal
guidance controls for a reentry vehicle in the presence of disturbances and constraints,
but simplified aerodynamic models are used. A similar approach is used in [13], where
a pseudospectral optimal control algorithm is combined with a sliding mode controller
to take into account uncertainties, but also here a simplified aerodynamic model is used.
Other usage of a sliding mode controller can be found in [14], where a sliding mode
controller is used for the approach and landing phase of a reentry vehicle but simplified
aerodynamic models are used and constraints are imposed only on the states variables.
While in [15], an adaptive twisting sliding mode controller is used for the attitude tracking
of an hypersonic reentry vehicle. Such an approach is not tested on a constrained problem
and involves a cumbersome mathematical formulation.

All the aforementioned techniques can be considered “classical” approaches, in con-
trast to those based on Al. Al control approaches for reentry vehicles are more rare in
the literature, but, as said above, the incorporation of Al in control systems is becoming
more and more frequent. Few examples of these approaches are represented by the work
done by Wu et al. [16] and Gao et al. [17]. In the former, a fuzzy logic-based controller
is developed for the attitude control of the X-38 reentry vehicle; while on the latter, a
Deep Reinforcement Learning approach is used for the reentry trajectory optimization of a
reusable launch vehicle.

Among the various Al techniques employed, EAs are among the less employed.
In particular to the best of the authors knowledge no control approach for a reentry vehicle
involving GP was studied in the literature. For reentry applications, EAs are mostly used
to find an optimal reentry trajectory, as it is done in [18-20]. Other uses of EAs in reentry
applications can be found in [21], where GA is used to optimize the parameters of a sliding
mode controller applied to the attitude control of a reentry vehicle. While, in [22] the
evolutionary method Pigeon Inspired Optimization is combined with a Gauss Newton
gradient based method to form a predictor-corrector guidance algorithm. The goal of this
guidance scheme is to use the EA to generate an initial condition for the gradient-based
method to solve the entry guidance problem.

3. Genetic Programming for Control

Genetic Programming (GP) is a Computational Intelligence (CI) technique pertaining
to the class of Evolutionary Algorithms (EAs) made known by Koza in 1992 [6]. As other
EAs, GP consists in evolving a program from an initial population of randomly generated
programs, to minimize/maximize a defined fitness function. Such evolution is performed
according to the defined crossover, mutation and selection operators, in order to steer the
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evolution of the population in the desired direction and avoid local minima. Compared
to other EAs, in GP the individuals are shaped as trees which corresponds to symbolic
mathematical equations as depicted in Figure 1, where a, b and 3 are called terminal nodes,
and a and b are the input variables. The other nodes in the GP tree corresponds to the
primitive functions provided by the user and employed by the GP algorithm to build
programs autonomously.

O,
° ‘ > a*[3-exp(b)]
) (o)
O,

Figure 1. Structure of an individual in GP. The tree can be read as the equation on the right.

About the evolutionary operators, crossover consists in an exchange of genes between
two parents individuals to produce other two individuals as offspring. Looking at Figure 2,
two genes highlighted by the green and orange boxes are exchanged between the parents
to form the offspring. Regarding the mutation operation, a randomly chosen gene of
a chosen individual is randomly mutated to generate a new offspring, as depicted in
Figure 3. Several different types of the crossover and mutation operators were devised in
the past decades and which one to choose is highly dependant on the particular problem
to solve. Since it is not the aim of this work to provide a comprehensive description of the
peculiarities of the GP algorithm, the reader is referred to [6] for more details.

Parents
®
(H®
OO0

Offspring
() ©
0
©
O-O-®

Figure 2. Schematic of crossover operation. From two parents, two offspring are generated.

Regarding the control applications of GP, several examples can be found in the lit-
erature. In [23] a multi-objective GP is used to evolve controllers for a UAV allowing it
to navigate towards a radar source. In [24] an adapted GP approach is used to generate
the control law for a UAV which provides recovery onto a ship considering real world
disturbances and uncertainties. Other control approaches involving GP are represented
by [25] where GP is used to generate a control Lyapunov function and the modes of a
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switched state feedback controller; while in [26] GP is used to generate a PID based con-
troller. All these approaches involving GP for control applications cannot be considered IC.
In fact, the GP evaluation is done offline and no online learning is present. An example of
GP used in an IC framework is represented by the work of Chiang [27] where the control
law for a small robot is produced online using GP, with the aim of moving the robot
in an environment filled with obstacles. A similar approach was used in [28], where a
guidance controller for a Goddard rocket is designed online to cope with different kinds of
uncertainties. In contrast to this last example, the work presented here aims to generate a
control law for a much more complex and nonlinear system, also considering more severe
uncertainties. This results in a longer computational time, hence the impossibility to use it
online with the current hardware technology. In fact, to generate the control law online
successfully, the considered plant must be very simple in order to perform the evolutionary
process in a useful time interval.

Parent Offspring
(=)
()

DO
DO =
5 oflc

Figure 3. Schematic of mutation operation. A randomly selected gene of an individual is
mutated randomly.

As opposed to all these examples, the approach proposed in this work is developed
considering a more complex plant model and uncertainties are also taken into account. In
fact, the proposed control approach takes into account the nonlinearities present in the
models of the vehicle dynamics, the aerodynamics and the environment while uncertainties
are applied to the environment and aerodynamic models. Moreover, to the best of the
authors” knowledge this is the first application of GP to perform guidance control of the
reentry trajectory of an RLV.

The work produced in [28] was later used as a foundation to design the Hybrid GP-
NN controller presented in [29]. In this control system, the GP was used offline to generate
a control law that was later optimized online by a NN. The approach to generate offline the
GP control law is the same used in this work, with the following differences: (1) A different
more challenging application is considered, (2) more severe uncertainties are applied and
(3) a more thorough analysis of the GP performances is conducted than the one performed
in [29].

3.1. Inclusive Genetic Programming

The particular GP algorithm used in this work is the Inclusive Genetic Programming
(IGP), which was originally presented in [29] and later analyzed in [30]. IGP was developed
in Python 3 relying on the open source library DEAP [31]. IGP was designed to promote
an maintain the population’s diversity throughout the evolutionary process, so to avoid
losing big individuals due to bloat control operators. In fact, it was observed in [29] that
bigger individuals are capable of handling the nonlinearities of the treated problem better
than smaller individuals. Therefore, to maintain the population’s diversity and hence
also preserve big individuals, three main features were inserted in the GP algorithm so
to make what is now called the IGP. These features are: (1) A niches creation mechanism;
(2) the Inclusive Reproduction and (3) the Inclusive Tournament. The creation of the niches
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implies that IGP belongs to the class of niching method. Niching methods are among the
various methods used to tackle the diversity issue in GP. In contrast to standard niches
approaches, the IGP makes use of the niches in a different manner. In fact, in the IGP the
niches are used to make sure that the majority of the individuals are considered during
the evolutionary process and that a flow of genes is established between the different
niches. While in standard niching methods, the niches are separated and are used to find
different local optima in a multimodal optimization, by parallel evolving the different
niches towards different optima [32].

The whole Inclusive Evolutionary Process is based on the y + A evolutionary strat-
egy [33] and it is schematized in Figure 4. The process starts with an initial population
which is subdivided into niches. Then the Inclusive Reproduction is performed, A offspring
is produced and the total of the individuals (parents+offspring) is subdivided into niches.
These new niches are used to select ¢ individuals from the new population, which is again
subdivided into niches and the process starts again.

Regarding the niches creation mechanism, the individuals in the IGP populations are
divided into niches according to their genotypic diversity, which is the number of nodes
inside each individual, i.e., their length. Each niche will cover a lengths interval, defined by
the maximum and minimum lengths of the individuals in the population, and the number
of niches. This way, each niche will be placed between the extremes of each interval and
these extremes are evenly spaced between the maximum and minimum length of the
individuals in the population. For example, if the maximum length is 30, the minimum is 5
and 5 niches are created, the lengths intervals that the niches will cover will be [5, 11.25],
[11.25,17.5], [17.5, 23.75], [23.75, 30]. So the first niche will contain those individuals with a
length between 5 and 11.25 and so on. The number of niches to create is decided by the
user and this number is kept constant throughout the evolutionary process. Nonetheless,
the lengths intervals that they cover will change during the evolution since the maximum
and minimum lengths of the individuals in the population will change. This allows for a
shifting of the individuals between contiguous niches, helping to maintain diversity.

Initial l_j_?_?k“at'on Parents Offspring Parents + Offspring

INCLUSIVE REPRODUCTION

NICHES CREATION ﬁ NICHES CREATION

<:| New Population

New Population

NICHES CREATION

INCLUSIVE SELECTION

1 INCLUSIVE EVOLUTIONARY PROCESS

Figure 4. Schematic representation of the Inclusive Evolutionary Process.

About the Inclusive Reproduction, it is designed to consider all the niches during
the mating process. To perform crossover, two niches are selected from a list of available
niches which is updated as the process goes on. Such an update consists in removing the
selected niches and when all of them are selected, the list of available niches is reset to its
initial state. Regarding the two selected niches, the best performing individual is selected
from the first niche and a random one is selected from the second, this to consider the best
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performing individuals but also to avoid losing diversity. When mutation is selected, a
niche is selected from the list of the available niches and such list is updated as said above.
Then a random individual is chosen from the list. The individual is chosen randomly since
applying mutation to the best performing ones does not guarantee an improvement. While,
when 1:1 reproduction is selected, the best individuals is passed unaltered to the offspring.
These selection criteria are summarized in Table 1.

Finally, the Inclusive Tournament consists in applying a Double Tournament [34] to
all the niches sequentially, where each niche can be considered at most ¢ times, where t is
the number of individuals inside them. This is done to reduce the probability of having
clones in the population. More on the Inclusive Reproduction and Selection can be found
in [30]. Finally, other two peculiarities of the IGP in comparison to other GP formulations
are its ability to handle constraints and the fact that is set to evolve more than one GP
tree simultaneously.

3.2. Inclusive Genetic Programming Settings

The ability of the IGP to handle constraints and to evolve more than one GP tree at the
same time, makes it particularly suited to solve control problems. In fact, the possibility
to evolve more than one GP tree at the same time, allows to solve a control problem with
more than one control parameter, which is often the case for most applications.

To produce the results presented in Section 5, the IGP was set as in Table 1, and two
GP trees are evolved simultaneously, one for each control parameter of the considered
problem. These will referred as a-individual and o-individual from this point onward.

Table 1. Settings of IGP algorithm. The percentages near the mutation mechanisms refers to the
probability of that mutation mechanism to be chosen when the mutation is performed. The selection
criteria refers to the criteria used to select the individuals from the niches when performing crossover,
mutation or 1:1 reproduction.

Population Size 300 individuals
Maximum Generations 150
Reaching maximum number of generations or successful
trajectory found
Number of niches 10
Crossover probability 0.2 (+0.01 at every generation if Fit, = 0) — 0.65
Mutation probability 0.7 (—0.01 at every generation if Fit, = 0) — 0.35

Stopping criteria

1:1 Reproduction probability 0.1
Crossover selection criteria Best, random
Mutation selection criteria Random

1:1 Reproduction selection criteria Best
Evolutionary strategy pt+A

14
A

Number of Ephemeral constants
Limit Height
Limit Size
Selection Mechanism
Double Tournament fitness size
Double Tournament parsimony size
Tree creation mechanism

Mutation mechanisms
Crossover mechanism
Primitives Set

Fitness measures

Population size
Population Size x 1.2
2
30
50
Inclusive Tournament
2
1.6
Ramped half and half
Uniform (50%), Shrink (5%),
Insertion (25%), Mutate Ephemeral (20%)
One point crossover
+, —, %, add3, tanh, psqrt
plog, pexp, sin, cos
Fity, Fitp
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Regarding the fitness functions, they are designed to solve the considered problem:
The vehicle’s final position must be inside the FAC box, as described in Section 4, while
satisfying the imposed constraints on normal acceleration, dynamic pressure and heat rate.
To reach this goal, the fitness functions were implemented as in Equation (1). The evolu-
tionary strategy on which the IGP was built, is such that first it favors those individuals
that minimize and satisfy the constraints violation. So it first tries to get Fit; = 0, then
it favors those individuals with a better, i.e., lower, value of the fitness Fit;, which tells
how close the final position is to the desired one. RMSE in Equation (1) is the Root Mean
Square Error.

Fity = RMSE([T./100, FACg - 1000]) 1)

Fity = RMSE(CV)

In Equation (1), T, is an array composed as in Equation (2) by the values of the IAE

between the reference states and the actual ones evaluated on the last 50 points of the

trajectory, as in Equation (3), where e, is evaluated as in Equation (4). For more details on
the states and the whole test case, see Section 4.

Te = [IAEso(V), IAEso(x), [AEso(7), [AEs0(0), IAEsg(A), [AEsq(h)] (2
te_
IAEsy — / T eyt @)
ty
x,gffx . .
ey = 4 Tnas ifxis V,x, v, h @)
Xyef — X ifxis 0, A

The integrals inside T, were not evaluated on the whole trajectory but only on its last
50 points. This was done to encode in the fitness function the instruction for the GP to
find a control law that produces a trajectory similar to the reference one in the last part,
but it leaves it freedom on the rest of it, except for the constraints satisfaction. This way,
the GP has more freedom to find a control law that satisfies the constraints but does not
necessarily needs to track exactly the reference trajectory, which might be impossible due to
the presence of uncertainties. In fact, the trajectory is considered successful if the constraints
are satisfied and the vehicle’s final position is inside the FAC box. This last information
is encoded in the FACg array of Equation (1) which is composed as in Equation (5) and
where the errors are evaluated as in Equation (4).

FACR = [eg; e, €n,/10] ®)

The FACyg array contains the errors between the final value of i, A and 0 and their
final value of reference. The different way to evaluate the errors on the states, as shown
in Equation (4), is done to balance their values since the errors on A and 6 tends to be
much smaller that those of the other states. For the same reason, ¢ , was divided by
10 in Equation (5). Moreover, to make the FAC requirement more important than the
minimization of the tracking errors, in Equation (1) FACg was multiplied by 1000 and T,
was divided by 100. This combination of scaling factors is an heuristic that was defined
experimentally, so it could be improved. Nonetheless, it is important since the magnitude
of the different errors and IAEs varies of several orders of magnitude.

Fit; is implemented in a more straightforward way. CV in Equation (1) represents
an array composed by the constraints violations measured during the evaluation of the
trajectory. The constraints violation is evaluated as the error between the constrained
quantity and its maximum or minimum value. If such an array is empty, meaning that the
trajectory satisfies all the constraints, Fit, is set to 0.
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About the other features listed in Table 1, the mutation and crossover rates are changed
dynamically during the evolutionary process. The mutation rate starts at 0.7 and it is
decreased by 0.01 at every generation while the crossover rate starts at 0.2 and it is increased
by 0.01 at every generation, until the mutation rate becomes 0.35 and the crossover rate 0.65.
This change is done if at least one individual with Fit, = 0is found at the current generation.
The rationale behind this approach is that exploration is favored at the beginning of the
evolutionary process and until at least one individual that satisfies the imposed constraints
is found. While, exploitation is favored towards the end of the evolutionary process to
find better individuals. Then, limit height and size are two parameters used by the bloat
control operator, which is the same implemented in the DEAP library but modified to take
into account individuals composed by multiple GP trees. Moreover, the crossover and
mutation operations, which are the same of the DEAP library, are modified to take into
account individuals composed by multiple GP trees. Four different mutation mechanisms
were used as listed in Table 1 and the probability of them being selected when mutation is
applied is reported in the brackets near them. Finally, about the operations listed in the
primitive set, add3 is a ternary addition, psqrt, plog and pexp are protected square root,
logarithm and exponential to avoid numerical errors.

4. Test Case

To test the proposed control approach, a reentry mission of the FESTIP-FSS5 RLV is
simulated. This vehicle was chosen since by being a spaceplane, it possess more control
capabilities than a classical rocket and its guidance control during the reentry phase is
particularly challenging due to the rapidly varying aerodynamic forces. The model of the
vehicle, as well with the aerodynamic and atmospheric models, were taken from [35] and
it is characterized by a lifting body and an aerospike engine. For the considered mission,
two control parameters were considered, the angle of attack « and the bank angle ¢. The
aerodynamics models are composed by two lookup tables that give the values of ¢; and ¢4
as a function of the Mach and angle of attack. These data were obtained from experimental
data, hence they form a nonlinear model. The aerodynamic data were smoothed with
the CSG approach described in [36]. The atmospheric model is the USSA-1962 model.
Regarding the mission, its details were taken from [37] and they are summarized in Table 2.

Table 2. Summary of the reentry mission.

States V,x,7.0,Ah
Controls w0
Initial Vo =2600 m/s,
Conditions Xo = 0deg,
Y0 =—13deg
0o = —85 deg,
Ap =30 deg,
h() =51 km,
Final Vf =91.44 m/s,
Conditions Xf= —60 deg,
vf=—6deg,

0f = —80.7112 + 0.0014 deg,
Ay =28.6439 £ 0.0014 deg,
hy=609.6 + 121.92m

Controls —2deg < a <40 deg
Bounds —90 deg < o <90 deg,
Constraints —25m/s? < a, < 25m/s?,
q <40 kPa,
0 <4MW/m?
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As described in [37], the final conditions corresponds to the target FAC box so to have
an horizontal landing at the Space Shuttle Landing Facility at the NASA Kennedy Space
Center. The FAC is defined by the final values of /1, A, 6 and their respective tolerances.
A trajectory was considered successful if the final position of the vehicle was inside the
FAC box.

Regarding the constraints in Table 2, the one on the dynamic pressure g comes from the
original formulation of the problem from [35]. The constraint on the normal acceleration
a, was increased from 15 to 25 m/ sz, to correspond to a load factor of about 2.5 g’s. This
choice was made to be more in line with the load factor constraint imposed in [37], since
the aim was to fly a similar trajectory. The heat rate constraint was taken from [38] and was
modeled as in Equation (6)

Q= C/pV3(1 —0.18sin® A) cos A (6)

where C = 9.12 x 10* kg®®m!5s~3 and A = 45 deg. This heat rate model was chosen
since no data of the FESTIP-FSS5 vehicle were available, and as reported in [38], the chosen
heat rate model is a conservative approach. For more details on the heat rate model, please
refer to [38].

4.1. Reference Trajectory

The trajectory used as reference for the controller was obtained by solving an optimal
control problem using a Multiple-Shooting transcription. The initial guess research for
the Multiple-Shooting was performed with the approach presented in [36]. The objective
function was set to minimize the difference between the actual final position and the
desired one while satisfying the constraints in Table 2. The obtained reference trajectory is
shown in Figure 5.

Reentry Trajectory Reentry Trajectory
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(a) Reference trajectory (b) Close up on FAC box

Figure 5. Reference trajectory and close up on its final part. The red box highlights the FAC box.

4.2. Uncertainty Model

The control mission is simulated by inserting uncertainties into the aerodynamic and
atmospheric models. The formulation of the uncertainties was taken from [39]. According
to these models, the uncertainties were formulated by creating different sets of interpolating
surfaces which were applied to the atmospheric and aerodynamic models to make them
vary within a certain range from their unperturbed values, as in Equation (7).

Xune(£) = Xnom (F)[r(£) (1 +€) — (1 —¢€)) + (1 —¢)] (7)

In Equation (7), X;om is the nominal value of the quantity on which the uncertainty is
applied, € is the uncertainty bounding parameter and r is a random parameter varying in
the interval [0, 1]. Using Equation (7), the quantity nominal value is randomly varied in the
interval [1 — €,1 + €]. The random value 7 is picked from an uncertainty profile obtained
by interpolating 50 points randomly generated and uniformly distributed as in Figure 6.
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Here, the time starts at 100 s since the uncertainties were inserted at 100 s, as explained in
Section 5.

In this work, three interpolating surfaces, for the pressure, temperature and aerody-
namics, were created for each different uncertainty scenario in the uncertainty set. Each
uncertainty set is composed of 20 uncertainty scenarios and 11 uncertainty sets were created
in this work, for a total of 220 uncertainty scenarios. According to what was done in [39],
three e parameters were evaluated, one for each perturbed quantity. The reference values
of the upper and lower bounds, and the other quantities used to evaluate the € parameters
are the same as in [39], and are summarized in Table 3, with the exception of h;, M. and «,
which were changed according to the considered problem.

Uncertainty Profile
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Figure 6. Example of an uncertainty profile.

Table 3. Reference values used to evaluate € as in [39].

he 121,920 m
M. 10
% 40 deg
lb,T 0.1
Uy 0.5
Iyp 0.01
Up,p 0.5
Iy 0.1
Upp 0.2
Iym 0.1
Up,m 0.2
Iy 0.1
Up o 0.2

5. Results

All the results in this work were obtained on a laptop with 16 GB of RAM and an
Intel® Core™ i7-8750H CPU @ 2.20GHz x 12 threads and multiprocessing was used.
The code was developed in Python 3 and it is open source and can be found at https:
//github.com/strath-ace/smart-ml (Last accessed on 4 April 2021).

The methodology to test the proposed control approach was structured so to prove
the ability of GP to find an adequate control law in the presence of various levels of
uncertainties. These uncertainties were applied after 100 s from the start of the mission.
After the applications of the uncertainties, the trajectory was flown using the reference
control values until one of the states went outside the range of 1% from its reference
value. When that happened, the GP evaluation was started. This was done to simulate the
scenario where the system has to adapt during flight to changes in the environment and
plant models.
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To define the level of uncertainty, the € parameter in Equation (7) was varied. As
explained in Section 4, three € parameters were used, one for each perturbed quantity. These
parameters were varied by increasing the boundaries used to evaluate them, by 10% in each
different simulation. The starting values are those listed in Table 3 and they correspond to
those used in Simulation 0 in Table 4. Then they were increased by 10% in Simulation 1, 20%
in Simulation 2 and so on. These settings are summarized in Table 4. For each simulation,
a different uncertainty set was produced which was composed by 20 different uncertainty
profiles, where an example of uncertainty profile is shown in Figure 6. Therefore, 20 GP
runs were performed for each different simulation and a total of 11 different simulations
was performed, so up to 100% increment in the bounds values. This lead to a total of 220 GP
runs performed. Twenty uncertainty profiles were produced for each uncertainty set so to
avoid having too big computational times and a total of 11 simulations was performed,
since it was physically meaningless to have too big uncertainties.

Table 4. Bounds values for each simulation.

yr wpr lop wep lon won lom oM lpa  Yoa

Simulation0 0.1 0.5 001 05 01 02 01 0.2 01 02
Simulation1 0.11 055 0.011 055 0.11 022 011 022 011 0.22
Simulation2 0.12 0.6 0.012 06 012 024 012 024 012 024
Simulation3 0.13 0.65 0.013 0.65 0.13 026 0.13 026 013 0.26
Simulation4 0.14 0.7 0.014 07 014 028 014 028 014 0.28
Simulation5 0.15 075 0.015 075 015 03 015 03 015 03
Simulation6 0.16 0.8 0.016 08 016 032 016 032 016 0.32
Simulation7 0.17 085 0.017 0.85 0.17 034 0.17 034 017 0.34
Simulation8 0.18 09 0.018 09 018 036 018 036 018 0.36
Simulation9 0.19 095 0.019 095 019 038 019 038 019 0.38
Simulation 10 0.2 1.0 002 10 02 04 02 0.4 02 04

Figures 7 and 8 show a qualitative depiction of some of the profiles of the perturbed
quantities. The profiles on these pictures come from the first GP run of each simulation.
The continuous lines represent the successful cases while the dashed lines the unsuccessful
ones. The shaded ares represent the regions contained between the uncertainty bounds
and in which the perturbed quantities could have varied when applying the disturbance
profiles like the one in Figure 6. As already said, Figures 7 and 8 are purely qualitative but
they give an idea of the magnitude of the applied uncertainties. In particular, in Figure 7b
the progressive increase of the uncertainty bounds from one simulation to the next is
clearly visible.
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Figure 7. Perturbed pressure and temperature profiles of one GP run for each different simulation.
The continuous lines represent the successful cases and the dashed one the unsuccessful ones. The
time starts at 100 s since the uncertainties were applied at 100 s.
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Figure 8. Perturbed lift and drag profiles of one GP run for each different simulation. The continuous
lines represent the successful cases and the dashed one the unsuccessful ones. The time starts at 100 s
since the uncertainties were applied at 100 s.

As shown in Table 1, each GP simulation was run until a successful trajectory was
found or it was stopped after 150 generations. As stated above, a trajectory was considered
successful if the final position of the vehicle was within the FAC box and the constraints
were satisfied for the whole trajectory. A qualitative example of the performed trajectories is
depicted in Figures 9-11. Here the performed trajectories of the 20 GP runs for Simulations
0, 5 and 10 are shown. In plots Figures 9a—11a the full reentry trajectories are plotted in
terms of altitude £, longitude 0 and latitude A, where the red dashed line is the reference
trajectory, the green lines are the successful trajectories and the black lines are the failed
trajectories. These trajectories show the three-dimensional path of the vehicle during the
reentry phase and it is clear how, when increasing the magnitude of the applied uncertain-
ties, the vehicle tends to stray from the reference trajectory. The plots Figures 9b—11b show
a closeup on the final part of the trajectory to highlight the FAC box and how close the
obtained trajectories got to it. The FAC box is projected onto its components 6, A and & and
it is represented by the black horizontal lines. Despite being a qualitative depiction, it can
be seen from Figures 9-11 how the performed trajectories deviates more and more from
the reference as the magnitude of the applied uncertainties increases.
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5[deg] Time [s]
(a) Simulation 0 results (b) Simulation 0 results-closeup

Figure 9. Trajectories obtained as a results of the 20 GP runs in Simulation 0. Plot 2 shows an overview of the performed
trajectories while plot b depicts a closeup on the final part of the trajectory to show which trajectory ended inside the FAC
box and which did not. The black horizontal lines in plot b show the FAC bounds for 6, A and . UP refers to the different

uncertainty profiles.
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Figure 10. Trajectories obtained as a results of the 20 GP runs in Simulation 5. Plot 2 shows an overview of the performed
trajectories while plot b depicts a closeup on the final part of the trajectory to show which trajectory ended inside the FAC
box and which did not. The black horizontal lines in plot b show the FAC bounds for 6, A and h. UP refers to the different

uncertainty profiles.
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Figure 11. Trajectories obtained as a results of the 20 GP runs in Simulation 10. Plot 2 shows an overview of the performed

trajectories while plot b depicts a closeup on the final part of the trajectory to show which trajectory ended inside the FAC
box and which did not. The black horizontal lines in plot b show the FAC bounds for 6, A and /. UP refers to the different

uncertainty profiles.

For a more quantitative point of view, the number of successes for each simulation
is shown in Figure 12. Here, it is clear that with the reference values of the uncertainty
bounds, the GP is able to find a successful control law 100% of the times and this success
rate tends to decrease as the uncertainty bounds increase, as expected. Three cases go
against this trend, namely Simulations 1, 6 and 10. This is probably due to the fact that
20 GP runs for each simulation are not enough to constitute a statistically significant sample.
Therefore by increasing the number of GP runs for each simulation, a more accurate trend
could be achieved. Nonetheless, the obtained results are useful to understand the extent of
the capabilities of the GP. In fact, even with an increase of 100% of the uncertainty bounds,
the GP is capable of finding four good control laws.

This success trend is also highlighted in Figure 13, where the median and standard
deviation values of the first fitness function Fit; are shown. Here the median fitness value
increases as the uncertainty bounds increase and the smaller value is found at Simulation 0.
Moreover, the standard deviation also increases as the uncertainty bounds increase, as
expected. A different perspective of the same phenomenon is observable in Figure 14. Here
the number and magnitude of the constraints violation for each simulation are shown.
The bar plots show the number of GP runs whose best individual violated the constraints,
for each simulation. For example, in Simulation 3, two individuals out of 20 violated the
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constraints. The line plot refers to the mean value of the constraints violation for each
simulation. These results show an increase in the GP runs that violated the constraints as
the uncertainty bounds increase. Concurrently, the magnitude of constraints violation also
increases as the uncertainty bounds increases. Nonetheless, as said before, the number of
GP runs for each simulation was not enough to have a proper statistical sample.
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Figure 12. Number of successful GP evaluations on each simulation.
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Figure 13. Median an standard deviations of the Fit; values evaluated on the 20 different GP runs

for each simulation.
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Figure 14. Number of solutions that violated the constraints for each simulation and amount of the
constraints violation. The left ordinate axis refers to the bar plots which shows the number of GP
runs that violated the constraints. The right ordinate axis refers to the line plot and shows the mean
constraints violation among the 20 GP runs for each simulation.
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To have a greater insight into the produced individuals from a genotypic perspective,
the lengths of the individuals were analyzed. In Figure 15, the lengths of the successful
and unsuccessful individuals for each simulation are plotted. As said in Section 3, two
individuals were simultaneously produced in each GP run, since two control parameters
had to be found. The lengths of the a-individuals are plotted in Figure 15a and those of
the o-individuals are depicted in Figure 15b. These lengths are represented by the green
dots for the successful individuals and the red crosses for the unsuccessful ones. On top
of these, the mean length of the successful « and ¢ individuals are plotted to observe
how they evolved as the magnitude of the applied uncertainties increased. From the
lengths of each particular individual found in the various simulations, it can be observed
that they vary greatly but the majority of the successful individuals are below 100 nodes.
Moreover, small successful individuals are still found also when the magnitude of the
uncertainties increases greatly. Considering the mean length of the « and ¢ individuals,
it can be observed that they oscillate around 50 nodes but no particular increase in the
length of the individuals is observed as the magnitude of the uncertainties increases. It was
expected to observe an increase of the length of the individuals as the uncertainties become
more severe. With GP usually the complexity of the produced models increases if the
data to fit are distributed in a more complex manner, also causing problems of overfitting.
In contrast, what was produced highlights how the IGP is capable of maintaining the mean
length of the successful individuals approximately constant even when the magnitude of
the uncertainties increases.
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Figure 15. Lengths of successful and unsuccessful individuals for each simulation. The green dots
represent the successful individuals while the red crosses the unsuccessful ones. (a) depicts the first
control parameter «, and the second control parameter ¢ is in (b). In (a) the continuous orange line
represents the mean values of the lengths of the successful « individuals for each simulation, while
in (b) the dashed blue line represents the mean values of the lengths of the successful o individuals.
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The obtained results show how GP is capable of generating a good guidance control
law even when severe uncertainties in the environment and aerodynamic models are
considered. Current research directions focus more on classical approaches to generate
the guidance control law rather than using an Al technique, and not all of them are tested
considering uncertainties and/or disturbances. As an example, Zang et al. [40] propose a
guidance algorithm based on the height-range (H-R) and height-velocity (H-V) joint design
method that is able to generate online a reference trajectory. Unfortunately, the robustness
of such an approach is not tested against disturbances and/or uncertainties. Hence the
approach using GP appears to be more robust.

Another guidance control approach which does not involve Al is the one presented by
Wang et al. [41]. Their approach consists in performing an online generation and tracking
of an optimal reentry trajectory using convex optimization. Such an approach proves to
be successful in generating and tracking an optimal trajectory online even considering
disturbances. It would be interesting to compare the latter approach with the GP guidance
controller presented in this work, to understand which solution is the more robust and
versatile. Moreover, it would also be interesting to compare the effort needed to apply both
algorithms to different systems, so to understand their degree of generalizability.

6. Conclusions

In this work, a guidance control algorithm based on GP for the reentry phase of
the FESTIP-FSS5 RLV was developed. The reentry trajectory was flown in the presence
of uncertainties in the atmospheric and aerodynamic models. Eleven simulations were
performed where, starting from Simulation 1, the bounds of the uncertainty ranges were
increased progressively by 10% in each subsequent simulation, until an increase of 100%
was reached in Simulation 10. For each simulation, a total of 20 GP runs was performed
considering 20 different uncertainty profiles, for a total of 220 GP runs. The particular GP
algorithm employed is the Inclusive Genetic Programming algorithm, whose characteristic
is the ability to maintain the population’s diversity throughout the evolutionary process.
Moreover, it is also set to handle constraints and to evolve more than one GP tree simultane-
ously, one for each control law of the considered problem. The results show that the IGP is
capable of always producing at least one successful individual even when the uncertainty
bounds were increased 100% from their reference value. Moreover, by analyzing the size of
the produced individuals, the IGP is capable of keeping the length of the successful indi-
viduals approximately constant as the magnitude of the uncertainties increases. Meaning
that the size of the successful individuals does not become too big in order to better fit a
more complex distribution of data. Overall, the shown results demonstrate that GP can be
used successfully to generate the guidance control law of a reentry vehicle which can deal
with nonlinearities and big uncertainties in the considered models while satisfying a set of
imposed constraints.

The GP evaluation was done offline, since it is a computationally expensive process
but, as the hardware technologies improve, it will be possible to perform such operations
online so as to constitute what is defined as Intelligent Control. Such a controller would
be able to deal in real time with unforeseen disturbances and to take into account the
uncertainties in the models considered at the design phase. Future work directions would
comprehend both a development of computationally more efficient GP algorithms and
different ways to apply them. In fact, in this work the guidance control was performed but
GP could also be employed for an attitude control task.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

CI Computational Intelligence
CSG  Cubic Spline Generalization
EA Evolutionary Algorithm
FAC  Final Approach Corridor
GA Genetic Algorithm

GP Genetic Programming

IAE  Integral of Absolute Error
IC Intelligent Control

IGP  Inclusive Genetic Programming
ML Machine Learning

MPC  Model Predictive Control
NN  Neural Network

RLV ~ Reusable Launch Vehicle
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Abstract: This paper presents a novel method for multi-objective optimisation under uncertainty
developed to study a range of mission trade-offs, and the impact of uncertainties on the evaluation
of launch system mission designs. A memetic multi-objective optimisation algorithm, named MOD-
HOC, which combines the Direct Finite Elements in Time transcription method with Multi Agent
Collaborative Search, is extended to account for model uncertainties. An Unscented Transformation
is used to capture the first two statistical moments of the quantities of interest. A quantification
model of the uncertainty was developed for the atmospheric model parameters. An optimisation
under uncertainty was run for the design of descent trajectories for a spaceplane-based two-stage
launch system.

Keywords: optimal control; multi-objective optimisation; robust design; trajectory optimisation;
uncertainty quantification; unscented transformation; spaceplanes; space systems; launchers

1. Introduction

This paper presents a novel method for multi-objective optimisation under uncertainty,
developed to study a range of mission trade-offs and the impact of uncertainties on
system models for space launch systems. This is applied to the analysis and design
of descent trajectories for a two-stage, partially re-usable launch system based on the
Orbital-500R, a commercial system developed by Orbital Access Ltd. (Prestwick, UK) [1].
The set of Pareto-optimal solutions show the trade-off between minimising the induced
acceleration limits and maximising the robustness of the solutions by minimising the
sensitivity to uncertainties.

Uncertainty quantification (UQ), the science of quantifying the uncertainty in the
desired performance of a system, can be a key step in analysing the robustness of a
control solution and of the whole guidance, navigation and control chain. Common
approaches to UQ use extensive Monte Carlo simulations to account for errors, unmodelled
components and disturbances. At a system level, UQ analysis can translate into the
assessment of the reliability of the system as a whole, or only of one or more components.
An uncertainty quantification analysis is, therefore, a fundamental step towards de-risking
any technological solution as it provides a quantification of the variation in performance
and probability of recoverable or unrecoverable system failures, given existing information.

The goal here is, therefore, to design a robust guidance trajectory considering the
uncertainty related to the atmospheric model which in turn affects the aero-, aerothermal
and flight dynamics.

The trajectories are designed using a MODHOC (Multi-Objective Direct Hybrid Opti-
mal Control) solver [2,3]. MODHOC, first developed in collaboration with ESA, is based
on a transcription using temporal finite elements (DFET, Direct Finite Elements in Time) of
the optimal control problem and a solution of the transcribed problem with a multi-agent
multi-objective optimisation algorithm (MACS, Multi-Agent Collaborative Search).
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This paper presents an extension of the multi-objective optimal control to account
for uncertainties. The extension is based on an unscented transformation to capture the
first two statistical moments of the quantities of interest. The result is an unscented multi-
objective optimal control approach that can efficiently handle the level of uncertainty in
model parameters.

Ross et al. [4] introduced unscented optimal control as the combination of the un-
scented transform by Julier and Uhlmann [5] combined with deterministic optimal control
theory to directly manage uncertainties within an open-loop control framework. This has
been applied to single objective optimisation problems mainly in the field of guidance and
attitude control [6,7], using pseudospectral optimal control methods [8] with the common
Legendre and Chebyhsev polynomials as the bases. Ross et al. [9] later extended the work
to account for path constraints on the states and controls. This paper builds on this work by
adapting and applying it to a multi-objective optimal control problem, subject to nonlinear
boundary and path constraints. The transcription method here uses finite elements on a
temporal basis, using Bernstein polynomials, which have been mathematically shown to
ensure both the states and controls representations remains feasible over the entire time
domain, not just at collocation nodes [10].

The methods presented will be applied to trade-off studies on the first stage of a
multi-stage horizontal take-off and landing launch system. The analysis focuses on the
unpowered descent trajectory of a spaceplane, starting from the stage separation point at
100 km altitude. Uncertainties are introduced on the atmospheric parameters, which in
turn strongly affect the aerodynamics and flight performance of the vehicle. The optimisa-
tion will trade-off robustness, by minimising the effect of these uncertainties, against the
structural loads induced by the flight dynamics.

The paper is structured first introducing the mathematical method and implementa-
tion, followed by the description of the applied test case and results. Specifically, Section 2
describes the integration of an unscented transform into a multi-objective optimal control
problem, including the direct transcription method using temporal finite elements with
Bernstein bases. Section 3 details the solution of the multi-objective nonlinear programming
problem through an adaption of a global evolutionary Multi-Agent Collaborative Search
(MACS) algorithm tailored to optimal control problems. Section 4 presents the quantifica-
tion of the uncertainty on the atmospheric parameters predicted by the International and
US-76 Standard Atmospheric models. Section 5 describes the vehicle and environment
models for the launch vehicle test case, with Section 6 presenting and discussing the results,
including a validation of the methods and results against a Monte Carlo analysis.

2. Unscented Multi-Objective Optimal Control

In order to perform robust optimisation of the trajectory, an Unscented Transformation [5]
was included in the formulation of the optimal control problem. An unscented transfor-
mation is defined as “the application of a given nonlinear transformation to a discrete
distribution of points, computed so as to capture a set of known statistics of an unknown
distribution, is referred to as an unscented transformation” [11]. These points are referred
to as sigma points.

Unscented transformations capture the first statistical moments, mean and covariance,
of the distributions of the states of a system subject to uncertainty and undergoing arbi-
trary nonlinear transformations by propagating a small number of sigma points. If the
system depends on N4 uncertain variables, whose mean and covariances are known, the
unscented transformation requires the propagation of (2N,; + 1) samples. The first sigma
point takes the mean value for all the uncertain variables, while the others assume the mean
plus (or minus) the square root of the matrix of the covariances of the uncertain variables.
All the sigma points are propagated simultaneously with the mean and covariance of the
final states computed as a weighted combination of the final states of each sigma point.

Let the dynamics of the system be given by

X = f(x(u t),u(t),b,t) @
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where x is the system state vector, u are the controls, ¢ is time, and b are additional static
(time independent) parameters. Similar to (1), the dynamics of each sigma point x; are
given by

xi = f(xi(w ), u(t), b t) @)

where i = [1,..., (2Ny, + 1)]. Each sigma point has a different value for the static variables,
its dynamics evolve independently of the other sigma points, but all sigma points are
controlled by the same control law u. The goal is to find a single control law that, when
applied to all sigma points, allows the system to reach a desired final condition and to be
optimal, in some sense. The particular values for each static variable b; is decided by the
application of the Unscented Transformation.

A known problem of the unscented transformation is that it can generate covariance
matrices that are not semidefinite positive. To avoid this problem, the Square Root Un-
scented Transformation [12] was implemented. Algorithmically, it is very similar to the
standard Unscented Transformation but differs in the way the samples are generated and
has the advantage that the resulting covariance matrix is guaranteed to be semidefinite
positive (up to machine precision). The sigma points are computed from the Cholesky
factorisation of the covariance matrix, which decomposes the matrix into lower triangular
matrix with real and positive diagonal entries, and its conjugate transpose [12].

The problem can be described as follows. Let X be a state vector of length NNy
defined as
X= [Xorxlf e /XNU}T (3)
where N; is the number of sigma points and Ny is the number of states of the system. The
state dynamics are then defined as

F(x,,u,bo, 1)
. F(x2,u, by, t
x| Fx . ) = F(X,u,B,t) @)
F(xn, wbn,, )

The multi-objective unscented optimal control problem is then formulated as

minJ(X,u, B, t) (5)
uel

X = F(X,u,B,t) (6)
g(X,u,B,t) >0 7)
¥ (X(to), X(t5), ulto), ulty), b to, t) > 0 ®
te [to,i’f}

where J = [, ..., Jm] Tis,in general, a vector function of the state variables yx; : [to, t f] — RN,
control variables u € L®(U C RNv) and time . Functions X belong to the Sobolev space
whee, objective functions are J; : R2Nx N s RNu ¢ [to, tf] — R, F: RN«No 5 RNu
[to, tf] — RN:Ne algebraic constraint function g : RN«Ne x RNe x [t, ] — RNs, and
boundary condition functions g : R2N+Ne+2 — RNy,

Direct Transcription with Temporal Finite Elements

The optimal control problem in (5)—(8) is transcribed into a many-objective, nonlinear
programming problem via Direct Transcription with Finite Elements in Time (DFET) [13].
DFET was first proposed by Vasile [14] in 2000, and uses finite elements in time on spectral
bases to transcribe the differential and algebraic constraints, and objective function into a
set of algebraic equations. The formation allows different bases to be selected for both the
states and controls, and for different segments. As a scheme, DFET has been proven to be
robust, accurate and flexible [13].
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For the continuous optimal control problem in (5), the time domain T = [y, t]
is decomposed into N finite elements 7}(1']-_1, T]-), with each element normalised to the
interval [—1, 1] through the transformation

=Lt =t
_ptmalti—tia) b <t<t; forj=1,...,N.
ti—tiq / / J

)
This ensures the domain of the basis functions are consistent irrespective of the element
size. The differential constraints in (6) are first recast in weak variation form as

/TWTX+WTF(X,u,b,t) dt —w (1)X0 4w ()X, =0
j

(10)

where w are generalised weight functions, and X]b and X]b—l are the values of the states

at the boundaries of each element. For each element 77 the states, controls, and weight
functions can be parameterised according to the basis functions £, ; such that:

ZJ(

X; = Zofi?(r) Xy, )
ly uj

ui=) f(T)uy; (12)
s=0
I+1 w,

wi= X S (0w
e

13)
For this paper, Bernstein polynomials are used as the bases functions for all the

elements, of order I, for the states, I, for the controls and (I, + 1) for the weights. Bernstein
basis polynomials are defined generally as
byn(t) = (Z)t”(l — )" forv=0,...,nand 0 <t <1 (14)

where 7 is the order. Bernstein bases have the advantage of smooth control profiles with no
oscillations near discontinuities or step changes, meaning the polynomial representation of
both states and controls remains within the feasible set [10,15].

Recasting (10) into Gauss quadrature using the polynomials in (11)-(13) gives

L At;
Y B | W) T X(w) + Wj(Tk)TFj(Tk)TJ} —wl ()X +wT (-1)X?_; =0 (15)
k=0
where 7; and f are Gauss nodes and weights, respectively, At; = (t; — t;_1) and F;(t)
is the shorthand notation for F(X;(t), uj(1x), b, £(7¢)). Since (15) must be valid for every
arbitrary w; ;, this can be written as a system of equations for each element:
IU

F AL b
L Joj(1) Xj(w) +f1,j(Tk)Fj(Tk)7} +Xj =

fork=0 (16)
r At
Y Bie| fi ()X (i) +fs,j(Tk)Fj(Tk)7} =0 fork=1,...,I;  (17)
k=0 L
Iy [ Atj
Y Br| fro1,j (1) X (i) +flx+1,j(Tk)Fj(Tk)7} =X{=0 fork=(+1) (18)
i
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The path constraints from (7) are directly collocated at the Gauss nodes, generating a
set of constraint equations for each element given by

g(Xj(Tk),u]'(Tk),b,t(Tk)) >0 (19)

Constraints are also imposed on the boundary states of all adjacent elements to
ensure continuity.
The transcribed objective functions from (5) are therefore

o dk(Xe, ug, T, b)
Ji= (20)
¢i(X5, X?, to, tf,b)

which equate to the two terms in a Bolza optimisation problem [16].

The time domain 7 corresponds to a single time period [to, t]. For launch systems,
however, trajectories often have multiple phases either in series, or in parallel. For example,
a multi-stage vehicle can have one phase per vehicle stage with all phases connected in
series for the ascent, and/or branching parallel phases for the upper stage ascent, and
first stage descent and landing. For a problem with N, distinct phases, the dynamic
constraints (15), path constraints (19), boundary constraints (8) and objective functions (20)
are defined per phase. An additional set of N, boundary constraints are introduced to
manage the connections between phases defined by

s, (xgllw, x}lsp,to,lsp,tf/lsp) >0 s,=1,...,N, 1)

where the index vector I, collects all the indexes of the phases that are connected by the
constraint ¢s,. Note that, while the number of phases Ny, is fixed, their temporal order is
defined by the phase boundary constraints (21).

The resulting multi-objective nonlinear programming (MONLP) problem coming
from the transcription of (5)—(8), with the inclusion of phase constraints (21), is given by

in_ J(y, 22
yer?,’.fénj(y ) (22)
C(y,p) =20
where y = [Xo,l,...,Xs,]-,...,Xlx,N]T, Y is a box in R™ with ny = n(ly +1)N,
P = [uo/l, e Ugy .,ulu,N,b*]T is a solution, or decision, vector that collects all the

static and discretised control variables with b* = [b,xg,x?, to, t f]T, I1 C R"™ x R" with
ns = ny (I, +1)N (assuming that each element has the same number of control parameters)
and ny+ = ny, +2n + 2, and C collects all path and boundary constraints.

Similar to (5), the solution of (22) is a subset Qp; C I that satisfies the constraints
C and contains solution vectors that are Pareto efficient. Given the subset Q) of feasible
solution vectors, a solution vector p* € )y is said to be Pareto efficient if p* # p, Vp € Q.
The symbol of dominance > indicates that, if p; = py, then Ji(p2) < Ji(p1) fori=1,...,m
and 3j such that Ji(p2) < fj(pl). In other words, a solution is non-dominated if the
values of any of the objective functions, using that solution, cannot be improved without
sacrificing at least one of the other objectives [17]. For continuous functions, the subset Oy
is a manifold in R"s """ with dimension (15 + 1<) < (m — 1) [18]. In the following, the
goal is to identify a pre-defined countable number of Pareto-efficient solutions contained
in QH.

3. Solution of the Transcribed Problem

The MONLP problem in (22) is solved with an adaption of the Multi-Agent Col-
laborative Search (MACS) tailored to optimal control problems [10]. MACSoc combines
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the stochastic agent-based global search in MACS [19,20] with a local refinement of the
solutions [21,22] (see Algorithm 1).

Algorithm 1 MACS optimal control (MACSoc)

1: Initialise population Py and global archive Ay, k = 0, p g=1

2: Initialise weight vectors w

3: while n_fun_eval < max_fun_eval do

4:  Run individualistic heuristics on Py using bi-level formulation

5 Pr— 'Plj
6:  Update archive Ay with potential field filter
7. Run social heuristics combining P;” and A using bilevel formulation
8:  Update archive Ay with potential field filter
9 Pf =P/
10:  if local search triggered then
11: Run gradient based refinement using single level formulation
12: P — P
13: Update archive A, with potential field filter
14: 'P; — 'Pk+1
15:  else
16: Pl — Pria
17:  end if
18 k=k+1

19:  Update pg
20: end while

At the start of MACSoc, an initial population P is generated with N, agents repre-
senting feasible candidate solutions. Next, a set of Ny, uniformly spread weight vectors w
are generated. Each agent is associated with a different weight vector, allowing the agent
to converge to a different part of the Pareto-optimal set (set of non-dominated solutions for
the multi-objective optimisation problem).

The global search generates candidate solutions for the decision vector using a com-
bination of social and individualistic actions (lines 4 and 7 in Algorithm 1). Each action
generates a candidate decision vector, starting from the current solution allocated to a
given agent j, and submits it to a bi-level optimisation problem, where the inner level
makes the candidate decision vector feasible with respect to constraints, and the outer level
assesses whether the solution of the inner level represents an improvement with respect
to the current solution allocated to agent j. All feasible and non-dominated solutions are
added to the current population P, and saved in an archive A (lines 5, 6, 8, 9 and 13
in Algorithm 1). A local refinement is triggered periodically after a user-defined number
of iterations, and at the end of the algorithm, which update the current population and
archive (lines 10-17 in Algorithm 1). The local refinement solves a single level scalarised
version of (22).

The entire process alternates between social and individualistic actions, with periodic
local refinement, until a maximum number of calls to the objective vector max_fun_eval
is reached.

3.1. Bi-Level Global Optimisation Problem
The NLP problem for the global optimisation is defined by

min J(y*, p") (23)
(v p") = argyt;ﬁn{%(yrp) |C(y,p) >0}

and represents two optimisation sub-problems at two different levels. The outer level
minimises the objective function vector J and generates a first set of candidate solutions
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p- The inner level looks for state y* and control p* vectors that satisfy the constraint
functions C, and minimise a cost function based on the candidate solutions of the outer
loop 8, = ||p* — p|| thatlook the closest feasible solution to the candidate solution provided
by the outer loop. The feasible solution is then passed back to the outer loop to evaluate
the objective functions J with (y*,p*). The inner level problem is solved with a local,
gradient-based optimiser such as SQP or interior point.

In order to reduce the number of iterations required by the inner level to converge, the
outer level stores the feasible states y* from one iteration to be used as a first guess for the
inner level at the next iteration. As shown in Figure 1, the feasible states y; are preserved
from iteration k to iteration (k + 1); therefore, the outer level only generates candidate
solutions for py 1. Thus, for iteration (k + 1), the inner level is given (yj, px,1) as initial
guesses for states and controls. Despite y; being associated with py, it has been shown to
work well as an initial guess also when associated with pj 1.

When individualistic actions are applied, each agent generates one or more candidate
solution vectors through three mechanisms that are triggered sequentially in the order:
Inertia — Pattern Search — Differential Evolution. If any of these mechanisms produces
an improved solution, the process is stopped and proceeds to update the population and
archive (line 5 and 6 of Algorithm 1).

Inertia is triggered by agent j only if, in the previous iteration, agent j generated an
improved solution. In this case, a step with random length is taken in the direction defined

by (py —Pr_1)-

Pattern Search will change one optimisation parameter at a time, by a random amount
in each direction, within a given neighbourhood B; of agent j. The order by which the
parameters are changed is a random permutation of the number of decision parameters.
The process is repeated until either an improvement is registered or the maximum number
of trials has been reached. As in Ricciardi and Vasile [20], the maximum number of trials
is dynamically adjusted during the optimisation process: when the archive is empty, the
maximum number of parameters scanned is equal to the total number of optimisation
parameters. This maximum value is decreased linearly as the archive fills up, until only
one optimisation parameter is changed when the archive is full. The neighbourhood 5; is a
box centred in the position of the agent in parameter space and with the edges equal to the
edges of the search space I'T multiplied by the scaling parameter pj,.

Differential Evolution generates a sample with the simple heuristic:

Ptrialj = Pj + §1e((p/ - le) + CF(sz - Pjs)) (24)

where p; is the current candidate solution, p;, pj,, pj, are three randomly chosen solutions

from the current population P, &; is a uniformly distributed random number in the unit

interval, cr is a user-defined constant and e is a mask vector defined as
1, ifd, <CR

¢ = { 62 (25)

0, otherwise

where ¢ is another uniformly distributed random number in the unit interval, and CR is
the crossover rate. For the following test cases, cr = 0.9 and CR = 1.

If no improvement is made after trying all the three heuristics, pz — 0.503; if instead
an improvement is made, pg — 20 until the initial value p3 = 1 is reached again.

When social actions are applied, the outer level uses the population to generate a
candidate solution using the same heuristics of Differential Evolution (24), with the parent
solutions pj,, pj,, pj, chosen from the union of the current population Py and the current
archive Ay.
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Figure 1. Schematic representation of the bilevel approach acting on a single solution.

A candidate solution (y*, p*) generated by the inner level is evaluated in the outer
level by computing the weighted Chebychev norm

®; = max w;(Ji(y", p*) — zi) (26)
Zi = jmin Ji

where w is the weight vector in objective space and z is the current utopia point.

Given the value of ®; at step k, or ®¥, an improvement corresponds to <I>f.‘+l < ok
This improvement criterion has two very important properties: first, it allows the search
to reach even non-convex parts of the Pareto front, and, second, if the weights are cho-
sen appropriately, it enables an efficient convergence to the global minimum for each
objective function.

Note that, if the inner level does not converge to the required tolerance, the objective
functions of the outer level are recalculated to be the infinity norm of the constraint violation
plus the maximum values of each objective functions in the archive and population. This
creates an adaptive rejection mechanism: if none of the agents are feasible, the ones that
best satisfy the feasibility are entered in the archive, with the next iterations trying to
improve their feasibility. Once an agent finds a feasible solution, it will explore the search
space through the global bi-level approach, generating several feasible and non-dominated
solutions. These solutions will enter in the archive as they will dominate many of the
existing infeasible solutions, and due to the social actions, some agents will be directly
moved onto those solutions, allowing the entire population to converge to feasible solutions
in a handful of iterations.

Finally, if any candidate solutions for y and p fall outside the boundaries of the search
space Y x I1, the solution vector is reduced until it is back within the search space.

3.2. Single Level Local Search
The local refinement solves the following scalarised problem for each agent j:

min e (27)

w; ;Y i(y,p) <e fori=1,...,m
Cly,p) 20

where wj is the ith component of the weights for the jth agent, 191-,]- is the ith component of
the rescaled objective vector of the j agent, and e is a slack variable.

This reformulation of the problem, which uses Pascoletti-Serafini scalarisation [23],
constrains the movement of the agent to within a descent cone defined by the point
(ed;j +1;) and along the direction d; = (1/wy,...,1/wj,...,1/wy,j). The rescaled vector
of the objective functions is therefore
iy, p)—zi
= =

z =

fori=1,...,m (28)
Zj

3(y,p) —
ij
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where z; is equal to Ji(y,p), (y,p) is the initial guess for the solution of (27), and
Z = (z —z,) where z, is the nadir of the archive. The components of the vector { i
are derived from the normalisation
Zj .
@,,]7ﬁ fori=1,...,m (29)

This allows the components of #;(y, p) to have values of 1 at the beginning of the local
search, and 0 if the agent converges to the target point Z. Thus, the single level approach
avoids biases when the objectives have significantly different scales.

The weighted Chebychev norm in (26) and (27) are equivalent and lead to the same
optimal solution if the target point for the Pascoletti-Serafini scalarisation coincides with
the utopia point, and the weight vectors are the same [24]. By combining (26) in the global
search phase with (27) in the refinement phase, the algorithm ensures a smooth transition
from global exploration of the Pareto set, to local convergence.

3.3. Archiving Strategy

MACSoc, through MACS, employs an archiving strategy described in Ricciardi and
Vasile [20]. When the elements in the archive A are less than the maximum allowed
cardinality of A, every new feasible and non-dominated solution is recorded in the archive.
Once the defined maximum size for the archive is reached, new elements are added to A
only if they minimise the potential function,

Na Ny

1
., = B 30
JNA) ;jgu (]i*]j)T(Ji*Jj) ( )

where N 4 is the number of elements in the archive A.

To avoid biasing in the rejection-retention process when the objectives have different
scales, the objective values of the set of non-dominated solutions are all normalised between
0 and 1. This leads to a combinatorial problem that can be solved approximately but
efficiently and returns a uniformly spread set of points [20].

3.4. Generation of the Initial Feasible Population

Before the optimisation starts, MACSoc generates an initial population of agents P
representing feasible candidate solutions.

A first guess for the candidate solutions is generated using Latin Hypercube sampling
within the given boundaries, which gives a near-random sample of parameter values from
a multidimensional distribution [18]. State variables for each phase are initialised with a
linear interpolation between initial and final conditions. For each phase, each equation
in (15) is optimised using the inner level subproblem (23) to ensure feasibility through a
local gradient-based optimiser. Additional constraints within the phase are then added in,
and the problem is re-optimised. Lastly, the linking constraints between phases are then
included, and the full resulting problem is optimised for a final time (always using a local
optimiser with the inner level objective function in (23)). If at the end of the initialisation
phase, an agent is associated with a solution that is not feasible within the prescribed
tolerance, that solution is still included in the initial population Py and submitted to the
subsequent optimisation cycle.

For the test case, the tolerance on feasibility is set to 10~°, both for the initial popu-
lation generation, and for determining feasibility within loop. By default, the maximum
number of calls to the constraint function is set equal to 10(n; + 15 + ny). An interior
point NLP solver was used as it delivered a more robust and consistent convergence to
feasible solutions.
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3.5. Definition of the Descent Directions and Target Points

The weight vectors for the bi-level global search are generated as follows: first, a
simplex in objective space is generated through simplex lattice design [25]. Then, the points
of this simplex lattice are projected on the unit sphere by dividing their position vectors by
their distance to the origin. This gives a fairly uniform distribution of weight vectors (and
thus descent directions) in any N, dimensional space.

In order to generate a more uniform distribution, however, these weight vectors are
refined using a local optimisation of the same potential function E given in (30),

min E(wy,...,wN,) (31)
T

w; w; =1

While this approach is valid for general m-objective problems, for two objectives,
it is simpler and faster to generate uniform angularly spaced weight vectors. In the
following, N; = Ny and each agent is associated with the closest descent direction in
criteria space, at the initialisation stage, with the constraint that no two agents can have the
same descent direction.

For the single level approach, the weight vectors w; = [v2,...,v/2]" are allocated
to all agents except to those m agents that minimise each individual objective function.
For these m agents, the weight vectors are w; = [0,...,j, .. ,0]T withj=1,...,m. These
weights are orthogonal because they correspond to the m orthogonal directions in criteria
space. If agent j associated with weight w; does not generate any improvement after two
iterations, a new random orthogonal weight is associated with j and (27) is solved with the
added constraints,

i<z Vi#j (32)

The reason for the different choice of weight vectors between the bi-level and the
single level formulation can be explained as follows: the bi-level formulation explores
globally the search space with a population of agents, thus there is the need to maximise
the spreading of the solutions; on the contrary, the single-level is used to improve the local
convergence of each agent in a normalised criteria space. Thus, the goal of the single level is
to return dominating solutions without altering too much their spreading in criteria space.

4. Uncertainty Model for Atmospheric Parameters

Preliminary design and trade-off studies, in particular those employing computa-
tionally intensive multidisciplinary design and multi-objective optimisations, typically
use global static atmospheric models such as US-76 Standard Atmospheric model, or the
International Standard Atmospheric (ISA) model. These models predict the atmospheric
pressure p, temperature T and density p as function solely of altitude, and employ simpli-
fied algebraic expressions for the different atmospheric layers. The models are based on
average values for year-round, mid-latitude conditions with moderate solar activity. The
ISA is valid up to an altitude above mean sea level of 86 km, while US-76 has an extension
up to 1000 km. Due to this, US-76 is often preferred in the field of space launchers over
ISA. These two models rely on similar assumptions and methodologies, differing only in
the prediction of the temperature in the upper atmosphere (above 32 km).

In order to assess the robustness of the mission design against uncertainties in the
atmospheric model, a model of the uncertainty was developed using higher fidelity atmo-
spheric models to create a data set. A number of empirical, global reference atmospheric
models exist, for example, to analyse the effect of atmospheric drag on satellites. The
Committee on Space Research (COSPAR) in their International Reference Atmosphere
reports details three of these models [26]: NRLMSISE-00 [27], Jacchia Bowman reference
atmospheric model JB2008 [28], and DTM2013 [29].

The NRLMSISE-00 is a model developed by the US Naval Research Laboratory and
accounts for geographic, temporal, solar and magnetic effects through inputs for: date,
time of day, geodetic altitude from 0 to 1000 km, geodetic latitude and longitude, local
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apparent solar time, 81-day average of F10.7 solar flux, daily F10.7 solar flux for previous
day, and daily magnetic index.

A statistical analysis of the difference in the models was performed treating those
all the input parameters save altitude as uncertain. A set of 10° quasi-random samples
were generated for the altitude using a low discrepancy Halton sequence [30], with the
corresponding values for T, P and p computed using the NRLMSISE-00 model for all
altitudes in the range between 0 and 100 km. The altitude limit of 100 km was driven by
the test case of the descent phase of a first stage, reusuable spaceplane which is designed to
operate within this range.

Every sample of the NRLMSISE-00 model was treated as an equivalent static global
atmospheric model, and used to compare against the US-76 model. These differences were
treated as random fluctuations in order to quantify the uncertainty.

As shown in Figure 2, the means and standard deviations o were determined for each
of the three atmospheric parameters. It can be observed that, for the temperature, the mean
differences, or relative errors, are very low, with a 1¢ relative error around 5% for altitudes
below 80 km. The mean relative errors for pressure and density are also low for relatively
low altitudes, but increase at higher altitudes, with the largest 1c bands around 60 km.
Above 40 km, the pressure and density have a very low absolute value, so a large relative
error still means a low absolute error.

Difference in density
Difference in pressure

0 20 40 60 80 100 0 10 20 30 40 50
Altitude (km) Altitude (km)

() (b)

Difference in temperature

0 20 40 60 80 100
Altitude (km)

(9

Figure 2. Mean and standard deviation (£10) of the differences between every sample (representing
an equivalent global static atmospheric model) and the US-76 model for each of the atmospheric
parameters as a function of altitude. (a) Atmospheric density (kg/m?); (b) Atmospheric pressure
(kPa); (c) Atmospheric temperature (K).

Since the approach employed is that of the Square Root Unscented Transformation,
different models were generated: one employing the mean relative error, and the others
adding to the mean the Cholesky factorisation of the covariance matrix of the uncertain
quantities at each altitude. Figure 3 shows the five generated temperature profiles, and

197



Mathematics 2021, 9, 3010

their comparison with respect to the US-76 model. A similar approach was followed for
the density.

As it can be seen, the Sigma Point 0 model is quite close to the US-76 model. Sigma
points 1 and 2 add the standard deviation to this mean, while Sigma points 3 and 4
also include the correlation between variations in temperature and variations in density.
The correlation between temperature and density changes sign repeatedly as the altitude
changes, thus the profiles assume values lower than one standard deviation only to cross
the mean and assume values higher than one standard deviation elsewhere.

Among the 10° samples generated by the Halton sequence on the NRLMSISE-00
model, several profiles do indeed have this kind of shape, which is significantly different to
the US-76 model. The temperature affects the computation of the Mach number, on which
the aerodynamic coefficients depend. The dependence of the aerodynamic coefficients on
the Mach number is stronger around Mach 1 and weaker for high Mach numbers, thus it is
not easy to foresee the effect of these variations.
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40+
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20
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0 . . . . . h ) . .
120 140 160 180 200 220 240 260 280 300 320 340
Temperature (K)

Figure 3. Temperature profiles for the models of each sigma point, and comparison with the
US76 model.

5. Vehicle System Models

The Orbital-500R launch system is composed of a first stage reusable spaceplane,
capable of rocket-powered ascent and an unpowered, glided descent, and an expendable,
rocket-based upper stage. The system is air-launched from a carrier aircraft. The system
was designed to launch from the UK and carry small payloads (500 kg) to Low Earth Orbits
(e.g., up to 1500 km). The dry mass of the spaceplane is 20 tonnes.

The flight dynamics are modelled as a variable-mass point with three degrees of
freedom in the Earth-centered Earth-fixed reference frame, subject to gravitational, aerody-
namic lift and drag forces. The state vector contains the translational position and velocity
components, x = [i, A, 6, v, 7, x|, where h = rg — r is the altitude given radial distance
r and the Earth’s radius 7£(A, 0), (A, 0) are the geodetic latitude and longitude, v is the
magnitude of the relative velocity vector directed by the flight path angle 7y and the flight
heading angle x. The vehicle is controlled through the angle of attack «, and the bank angle
u of the vehicle. The dynamic model is therefore [31]
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i =h=uvsiny (33)
i vcos':cosx 34)
s vcosysiny

6= rcos A (35

0= i siny + gy cos y cos x + w2rcos A(sinycos A —cosycosysinA)  (36)

y— L(Leosy cosy — gpsinycosx | + 2 cos
Y= = " 8r Y — 8¢Sy COS X ; Y
wir . . .

+ -, cos A(siny cos x sin A + cos 7y cos A) + 2w sin x cos A 37)
= Lsinp _ siny | + 9 cosysin y tan A
A= vcosy \m g SIMX J 7 cosysmx

i in A cos A
+ w%rm + 2wEg(sin A — tan 7y cos x cos A) (38)

vV Cos Yy

The Earth is modelled using WSG-84, with gravitational acceleration expressed in
radial g, and tangential g, components.

The accelerations induced on the vehicle are determined, using the relative vehicle
body reference frame 5.

g —Dcosa+ Lsina . .
a; = — — gr(siny cosa + cos y cos prsina)

+ g¢(cos 7y cos x cosa — cos x siny cos pi sin — sin x sin jsin )

- ; cos ysina(cosp —sin y tan Asinp)  (39)

ayB = grCos ysin ji + gy (cos x sin 7y sin y1 — cos p sin x)

+ ; cosy(sinpi + cos psin y tanA)  (40)

g —Dsina — Lcosa . .
o= + gr(cos 7y cos pi cos « — sin 7y sin )

+ 8¢ (cos x siny cos pt cos a + sin x sin y£ cos & 4 cos 7y cos x sina)

+ gcosa cosy(cosp —sinxtanAsinp) (41)

Surrogate models were used for the lift ¢; and drag cp coefficients as a function
of Mach number M, angle of attack a and altitude /. An artificial neural network was
employed, using an aerodynamic database for the training data coming from a mix of
panel methods and CFD simulations (see Stindt et al. [32] for details on the generation of
the aerodynamic database). The lift and drag forces were computed assuming no wind,
with the relative velocity v,,; = v — wgr.

1

L= EcL(M, &, 1) pS eVl (42)
1

D= EcD(M, &, 1) pS,ef 02, (43)

where S, is the reference area of the vehicle, and p is the atmospheric density.

Maddock et al. [1], Ricciardi et al. [10] performed a number trade-off studies through a
multi-disciplinary design optimisation on design of the Orbital-500R launch system and on
various missions, analysing the full trajectories for both stages. Extrapolating from these
results, a nominal starting point for the descent was set. Table 1 lists the initial and final
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conditions of the state variables. A final condition was imposed on the expected value of
the altitude, with a value of 10 km. In addition, the trajectories of all sigma points were
required to have a flight path angle greater or equal to —20°.

Table 1. Values and constraints on the boundary values of the state variables.

Initial Condition Final Condition (Requirement)

Altitude h 90 km h =10km
Latitude A 60° N

Longitude 6 —12°E

Velocity v 3km/s

Flight path angle v —5°

Heading angle x 20° x = —20°

6. Application and Results
6.1. Problem Formulation and Set-Up

For the applied test case here, the initial conditions are fixed. The final conditions are
affected by the uncertainty, and are expressed as difference between the mean and target
values. A boundary constraint is added as follows:

P(X(tf)) = py —x(tr) =0 (44)

where g1, is the mean of the final states of the sigma points, and ¥(t) is the target value.
The first objective uses a metric to minimise the average induced acceleration on the
vehicle. The general formulation is

‘ff
J :/ E(||a|\2) dt (45)
to
where the transcribed version using DFET is
N ét] Ly Ny 5
h= ZTZﬁkZa (X, ) Wo,i (46)
j k i

where a = ||a|| = /a% + af + a2, given in (39)~(41). As part of the generation of the sigma
points, N, weights W, are generated, associated with each sigma point. The computation
of the mean of a quantity, within the transcribed NLP, is the weighted sum of the quantities
associated with each sigma point [12].

The second objective aims to reduce the uncertainty of the final state by minimising
the sum of the square of all the entries of the covariance matrix:

2= Y (CoviyX(tp))” @)

ij

where Cov; ; is computed using the standard algebraic manipulations employed for the
Square Root Unscented transformation, with the additional consideration that no update
of the Cholesky factorisation is needed since no measurement is here performed and thus
no error is present. This formulation has the advantage that the quantity to compute is
smooth and differentiable, it involves all components of the covariance matrix, and does
not require iterative procedures like decomposition in eigenvalues to compute the principal
axes of the ellipsoid of the uncertainty. In order to give each element of the covariance
matrix the same weight even if the quantities of interest have different scales, the state
variables were scaled by the same factors internally employed by MODHOC to ensure that
all variables assume values between 0 and 1.
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The equations were transcribed through DFET, using 6 elements of order 7 for all the
states and the controls. Since all five sigma points are propagated simultaneously, there are
30 elements for the states and 12 elements for the controls. MODHOC was run for a total
of 30,000 function evaluations, keeping 10 solutions in the archive.

6.2. Trajectory Results

The computed Pareto front is shown in Figure 4, which confirms a trade-off between
the two objectives corresponding to metrics to minimising the induced acceleration load
on the vehicle (J;), and maximising the robustness of the trajectory by minimising the
covariance of the final values of the state variables (J5).
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Figure 4. Pareto Front for the two-objective problem. (a) Linear scale; (b) Log-log scale.
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Figure 5 shows the time histories of the state variables for altitude, velocity vector
components given by the magnitude, flight path and heading angles. The solutions are
shown for a set of Pareto-optimal solutions from Figure 4, along with the 10 uncertainty
indicated by the dashed and dotted lines. It can be seen that Solutions 1 to 4 (in greens
and blues) have lower uncertainty for the final state, as expected as Solution 1 represents
the extrema for min(J,). This can also be seen from Figure 6, which show the standard
deviation of the same four state variables in Figure 5. As previously stated, even if the
uncertainty on atmospheric density is relatively high at high altitudes, its effect is quite
limited for the first part of the trajectory as the absolute value is very small (e.g., 107° at
85 km, 1073 Pa at 40 km). The uncertainty in the density starts to have a noticeable effect
as the altitudes get to approximately 40 km and below.
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Figure 5. State variables for set of 10 Pareto-optimal solutions, with dashed and dotted lines showing
+10 uncertainty. (a) Altitude; (b) Magnitude of the velocity; (c) Flight path angle; (d) Heading angle.
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Figure 6. Standard deviations of state variables. (a) Altitude; (b) Magnitude of velocity; (c) Flight
path angle; (d) Heading angle.

As the Pareto front (Figure 4) indicated, the solutions with a lower uncertainty of
final states have higher acceleration loads, as shown in Figure 7. This further shows the
breakdown between the accelerations in the three vehicle (or body) axes, as well as the
magnitude of the acceleration vector.
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Figure 7. Magnitude and components (in vehicle body reference frame) of the induced accelerations,
normalised against sea level gravity ¢ = go. (a) Magnitude of acceleration; (b) Component in x-axis;
(c) Component in y-axis; (d) Component in z-axis.

Figure 8 shows the time history for the two control variables: angle of attack « and
bank angle p. In all cases, the angle of attack starts with the maximum possible value
of 45deg, and then progressively decreases to a more moderate value around 5-10 deg.
Solutions with lower accelerations stay in this regime for a while, and finally conclude with
a value around 0deg. Solutions with lower final uncertainty instead have a progressive
decrease in a until small negative values, then a sharp increase to values around 10-15 deg,
and finally stabilise around 0 deg.
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Figure 8. Control variables, which are consistent across all solutions in the Pareto-optimal set.

(a) Angle of attack; (b) Bank attack.
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Finally, Figures 9 show the time history of the states for all sigma points for extrema
Solutions 1 and 10. As it is evident, the green lines have a much lower scattering at the final
time than the black lines, indicating that Solution 1 (green) is subject to less uncertainty
than solution 10 (black). These figures also give an idea of the complexity of the problem
tackled by this approach, where the same control law is applied to multiple independent
sigma points (lines with the same colour) and is able to steer the system to a given expected
final state while also reducing the uncertainty associated with the final state, or reducing
the expected acceleration load.
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Figure 9. State variables of sigma points for the two extrema of the Pareto-optimal set (Solutions 1
and 10). (a) Altitude; (b) Velocity; (c) Flight path angle; (d) Heading angle.

6.3. Validation

A Monte Carlo analysis was run to validate the method and results. Starting from the
Pareto-optimal set of 10 solutions, the solution was re-integrated using a different sample
for the atmospheric model. A 100 different samples (for the atmospheric model) were taken
for each Pareto-optimal solution, using the same sampling bounds as used to generate the
sigma points (i.e., 1 standard deviation for each of the two atmospheric parameters, density
and temperature).

Figure 10 shows the results of the Monte Carlo analysis for a middle set solutions
(Solution 7, Figure 10a,b), and the two extrema (Solutions 1 and 10, Figure 10c,d). In each
plot, the five sigma points are shown (Point 0 is green, and Points 2—4 in blue), with each of
the 100 Monte Carlo runs shown as a grey line.

The values of the objective functions are compared in Table 2, looking at the optimised
values against the mean values for [; and J, across the Monte Carlo runs.
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Figure 10. Monte Carlo analysis for Solution 7 (a,b), Solution 1 (¢,d) and Solution 10 (e,f). Green is
the central Sigma point 0, blue are Sigma points 1-4, and grey lines are the 100 Monte Carlo samples.
(a) Altitude, Solution 7; (b) Velocity, Solution 7; (c) Altitude, Solution 1; (d) Velocity, Solution 1;
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Table 2. Comparison of the mean value of the objective functions across the 100 runs of the Monte
Carlo analysis with the optimised values.

Optimisation Monte Carlo
Solution 1 Objective function J; 1.5375 x 10° 1.4696 x 10°
Objective function J, 2.1029 x 104 1.0542 x 108
Mean final altitude 10.00 km (target) 10.354 km
Solution 7 Objective function J; 3.6761 x 10* 3.5939 x 10*
Objective function Jp 29916 x 1010 5.7082 x 10710
Mean final altitude 10.00 km (target) 9.9277 km
Solution 10 Objective function [; 3.2629 x 10* 3.2396 x 10*
Objective function Jp 7.7731 x 10~ 1.8189 x 1078
Mean final altitude 10.00 km (target) 9.9014 km

The results from Monte Carlo analysis are consistent with the results found using the
unscented transform integrated into the multi-objective optimal control solver MODHOC.
Small deviations can be seen towards the middle-end of the trajectory at altitudes below
50 km. The five sigma points chosen are all orthogonal, however the sample points for
the Monte Carlo run are not so constrained (though the boundaries are the same). The
absolute values for atmospheric parameters, in particular density p and pressure p, have
higher values in lower atmosphere, so it is consistent with the expectation that this area
would experience an increased impact, coupled with the larger standard deviation between
40-60 km.

7. Conclusions

This paper presented an extension of a memetic multi-objective optimisation algorithm
MODHOC to perform optimisation under uncertainty. This was applied to a test case
to determine a set of Pareto-optimal solutions for the descent trajectory of a first-stage
spaceplane, based on the conceptual commercial launch vehicle Orbital 500R. The robust
multi-objective optimisation traded off a performance objective, the induced accelerations
on the vehicle corresponding to the dynamics loads, with a metric on the robustness of the
trajectory to uncertainties on the atmospheric temperature, pressure and density.

Through a square root unscented transformation, different atmospheric models were
generated for five sigma points. All the sigma points share the same control law, thus
making the trajectory robust against model uncertainty. While only the first two statistical
moments of the uncertain values were considered for this work, future work will account
for higher order moments, making the resulting trajectory even more robust. A larger
number of sigma points will also be required, however, and the resulting optimal control
problem becomes progressively larger, requiring the use of large scale optimisation code.
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Abstract: The practical application of a multi-objective optimization strategy based on evolutionary
algorithms was proposed to optimize the plastics thermoforming process. For that purpose, in this
work, differently from the other works proposed in the literature, the shaping step was considered
individually with the aim of optimizing the thickness distribution of the final part originated from
sheets characterized by different thickness profiles, such as constant thickness, spline thickness
variation in one direction and concentric thickness variation in two directions, while maintaining
the temperature constant. As far we know, this is the first work where such a type of approach is
proposed. A multi-objective optimization strategy based on Evolutionary Algorithms was applied to
the determination of the final part thickness distribution with the aim of demonstrating the validity
of the methodology proposed. The results obtained considering three different theoretical initial
sheet shapes indicate clearly that the methodology proposed is valid, as it provides solutions with
physical meaning and with great potential to be applied in real practice. The different thickness
profiles obtained for the optimal Pareto solutions show, in all cases, that that the different profiles
along the front are related to the objectives considered. Also, there is a clear improvement in the
successive generations of the evolutionary algorithm.

Keywords: plastics thermoforming; sheet thickness distribution; evolutionary algorithms; multi-
objective optimization

1. Introduction

Thermoforming is a thermoplastic processing technique commonly used in the rigid
packaging industry. A variety of thermoplastic materials can be used in this process,
including semi-crystalline polymers, such as High Density Polyethylene (HDPE) and
Polypropylene (PP) and amorphous polymers, such as Acrylonitrile Butadiene Styrene
(ABS), Polystyrene (PS) and High Impact Polystyrene (HIPS). HIPS is a lightweight and
inexpensive thermoplastic often used in thermoformed food and pharmaceutical packag-
ing containers.

Thermoforming comprises a sequence of interdependent operations and is character-
ized by being sensitive to the intrinsic properties of thermoplastics, namely the lower heat
conduction and the deformation capability strongly dependent on temperature. In general,
the thermoforming comprises: a heating stage, which aims to allow the sheet to acquire the
required deformability; a sheet deformation stage in order to reproduce the contours of
the piece and finally, a cooling stage, which allows the part to be extracted from the mold
without distorting. In this way, the final performance of thermoformed products results
from the sum of all actions that occur in these three main stages. Since there are processing
variables associated with each of the three stages, including the material properties as a
function of temperature, optimizing the thermoforming process is a complex task.

Generally, the optimization of thermoforming, like in the other real word optimization
problems, consists of relating the effect of the operating variables of each stage with the
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performance of the part. Since thermoformed parts are characterized by having a non-
uniform thickness that can hinder their performance, the thickness distribution of the
final part is one of the most used variables to characterize the performance of the part.
Furthermore, the effects of processing parameters on the thermoforming of polymeric
sheets are highly nonlinear and fully coupled, which increases the difficulty of the process
design. The following studies aim at optimizing the sheet deformation stage with the
objective of obtaining thermoformed parts with the most uniform thickness distribution.

Yang and Hung [1] proposed an inverse Artificial Neural Network (ANN) with the
aim of predicting the optimum processing conditions (decision variables), including sheet
temperature, vacuum pressure, plug speed and displacement inside the mold. The network
inputs are the thickness distribution at different positions of molded PET parts, and the
outputs are the processing conditions obtained by the ANN presented, which show a good
agreement between the computed result and experimental data. However, the ANN was
trained using experimental data and the authors were not clear about the optimization
method used. Also, the fact that different inputs for this inverse ANN can produce identical
results at the output side was not discussed.

Chang et al. [2] used a similar inverse ANN to obtain the optimal processing param-
eters of polypropylene foam thermoforming. The studied variables included the mold
temperature, plug speed and displacement, vacuum pressure and time and the heat transfer
coefficient of the plug. Experimental data from tests carried out on a lab-scale thermoform-
ing machine were used to train the ANN, used as an inverse model of the process. Product
dimensions were used as the inverse model inputs and the corresponding processing
parameters as outputs. The feasibility of the proposed method was demonstrated by exper-
imental manufacturing of cups with optimal geometry derived from the computational
method. In almost all points, the deviations between predicted and measured points were
all below 3.5%. Like in the previous paper, the authors did not take into account that
different inputs can produce identical results.

Leite et al. [3,4] developed models to predict and optimize the thermoforming using
ANN defining the processing parameters set as the networks” inputs and deviations in part
thickness as the outputs. For the ANN data, thermoformed samples were experimentally
produced using a 1 mm polystyrene sheet, using a fractional factorial design (2X~P). The
studied processing variables included heating time and the electric heating power of
the heater panel vacuum time pressure. Preliminary computational studies were carried
out with various ANN structures and configurations with the test data, until reaching
satisfactory models and, afterward, multi-criteria optimization models were developed.
The validation tests were developed with the models’ predictions and solutions showed
that the estimates for them have prediction errors within the limit of values found in
the samples produced. Thus, it was demonstrated that, within certain limits, the ANN
models are valid to simulate the vacuum thermoforming process using multiple parameters,
decision variables and objectives, by means of reduced data quantity.

Sasimowski [5] used experimental data to determine a utility function by regression
analysis in order to calculate the thickness distribution of the thermoformed parts. This
utility function was used to optimize the operating conditions of the machine, namely
heating time, heater temperature, pre-blow time, vacuum time and cooling time. In
all of these works, the ANN was used to predict the behavior evolution of the thermo-
formed parts thickness during information. Thus, no specific optimization method was
described /applied to optimize the results that the trained ANN predicted, being these
modeling results were used to optimize the process based on empirical knowledge.

In all of these works, it was not clear what is the optimization method used. In fact,
ANN is not an optimization method by itself, but a way of predicting output values from a
set of input data, obtained experimentally or computationally, very similar to a regression
model. The ANN, in the present context, works as a modeling program with the aim
of predicting the process performance. To optimize the process, it is necessary to link a
modeling routine with an optimization method through an optimization methodology able
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to deal with the objectives to be optimized, as will be described in Section 3. Additionally,
most of these works are based on experimental data, which makes the process unrealistic
given the time required to do the experiments.

In addition to the general studies on the optimization of thermoforming;, it is possible
to find in the literature studies aiming at controlling the different stages of the process,
namely the heating and forming stages.

Regarding the heating stage, the main objective is controlling the sheet temperature
and the temperature fields developing during this step. This is very complex since the
heating methods are indirect, that is, the sheet temperature is controlled by adjusting the
heaters variables, and not directly. Furthermore, determining an optimum processing
window in thermoforming process with the aim of achieving high quality parts is critical.
In practice, the infrared heating stage is crucial since the final thickness distribution of the
thermoformed part is closely related to the temperature of the sheet.

Wang and Nied [6] used a numerical approach based on the finite element method to
obtain inverse solutions for the thermoforming processes. This was done by specifying a
desired final thickness distribution and iteratively solving the system for the temperature
field needed to obtain the desired result. A uniform initial temperature distribution is
used as the initial guess for the iterative optimization procedure. Subsequently, updated
non-uniform initial temperatures are obtained, based on the complete process of simulation
for achieving the final thickness distribution during thermoforming. Suitable inverse
solutions are achieved once the desired thickness distribution is obtained within a specified
tolerance. The sensitivity of final part thickness to perturbations in temperature distribution
is also investigated and shown to be a potential problem for precise thickness control in
industrial applications.

Bordival et al. [7] developed an automatic optimization method of the ovens geometric
parameters to be used in thermoforming. The first time, a simple analytical model, coupled
to a nonlinear constraint optimization method (Sequential Quadratic Programming) allows
one to find the best set of parameters, according to a cost function representing, for example,
the heat flux uniformity. Then, with these optimized parameters, an accurate raytracing
method is used to compute the irradiation resulting from the interaction between lamps and
the thermoplastic sheet. Finally, a control volume method is implemented to solve the three-
dimensional transient heat transfer equation, where the radiation source is approximated
by a diffusion Rosseland model.

Chy and co-authors [8,9] presented a method to control the surface temperature of a
plastic sheet using model predictive control (MPC) to solve the inverse heating problem
(IHP). The model was implemented on a complex thermoforming oven with a large number
of inputs and outputs for precise control of sheet temperatures under hard constraints
on heater temperature and their rates. Even though the MPC controller can handle a
multivariable process, the large number of computations makes it difficult to apply to large
systems such as multi-zone temperature control in a thermoforming machine.

Li and co-authors [10,11] suggested a methodology to compute and optimize the sheet
temperature by controlling the heater temperature. The steady-state optimum distribution
of heater power is first ascertained by a numerical optimization to obtain a uniform sheet
temperature. The time-dependent optimal heater input is then determined to decrease the
temperature difference through the direction of the thickness using the response surface
method and the D-optimal method. The results show that the time-dependent optimum
heater power distribution gives an acceptable uniform sheet temperature in the forming
temperature range by the end of the heating process.

More recently, Erchiqui and co-authors [12-15] proposed the application of two differ-
ent meta-heuristic algorithms, Simulated Annealing (SA) and Evolutionary Algorithms
(EA) to detect, from a fixed and random set of temperatures of the radiant zones of the
oven, the best temperatures that must be assigned to the heating zones in order to ensure a
uniform sheet temperature. For numerical heating analysis, the nonlinear heat conduction
problem is solved by a specific 3D volumetric enthalpy-based computational method.
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However, these studies only considered the effects of the heating phase on the final
thickness distribution of the thermoformed parts, having a starting point a sheet with
constant thickness, that is, the aim is to determine how to heat the different zones of the
sheet in order to induce uniform thickness on the final part.

Furthermore, an important limitation of the methodologies proposed in the literature
lies in the fact that the process is intrinsically multi-objective, and the different stages
cannot be considered independent. In reality, the results of one stage of the process depend
strongly on the remaining stages, the final part thickness distribution does not depend only
on the heating, but also on the initial thickness of the sheet used. Therefore, the main aim
of the work is to apply multi-objective strategies to optimize the plastics thermoforming
process. The intention is to propose a more global methodology that can take into account
the different steps and characteristics of this process, as described in the next section.
However, due to its complexity, only the stage of the sheet deformation will be considered
here. More specifically, the aim is to study the influence of the initial sheet thickness
distribution on the optimization of the process. For that purpose, three different initial
thickness distribution sheets will be considered. As far as we know, there is no work
in the literature that addresses the problem from this point of view. From an industrial
perspective, the fabrication of the sheets to be thermoformed must be changed if economic
and/or environmental gains can be obtained.

The paper is organized as follows: in Section 2 the details of thermoforming related to
optimization are explained, Section 3 addresses the concepts of multi-objective optimization
and the algorithm used, in Section 4 the results and discussion for the optimization of
thermoforming are presented and in Section 5 the conclusions are stated.

2. Thermoforming
2.1. The Process

Figure 1 illustrates schematically the thermoforming phases and the optimization
sequence. The phase order is indicated by open arrows and consist basically of: (A)
producing a plastic sheet, typically by extrusion; (B) heating the sheet until it can be
deformed without breaking; (C) shaping the sheet against the contours of a mold by
applying a pressure difference on both sides, either by vacuum or pressurized air; (D)
cooling the product obtained to make it possible to remove it from the mold and (E) remove
the part from the mold. Each one of these phases has particular characteristics that must be
considered when optimizing the process, either in terms of what concerns the operating
conditions (e.g., heating and cooling times, air pressure and oven temperatures) and/or
design parameters (e.g., sheet thicknesses, heater location, heating methods and mold
geometry) [16,17].

Figure 2 shows schematically how the shaping process evolves. The heated sheet is
forced to deform by the action of a pressure differential between both sides of the sheet.
Initially, this deformation is uniformly distributed, but when it touches the cold mold
surfaces the plastic material is frozen and only the remaining part of the sheet continues
to deform. This implies that the last part of the sheet touching the mold will present the
lowest thickness, since that the total volume of the sheet is conserved. This corresponds to
the region of the lower corners in Figure 2B.
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Figure 1. Thermoforming process and optimization. Thermoforming phases: (A) sheet; (B) heating; (C) shaping; (D)
cooling; (E) final part. Optimization steps: (i) part properties; (ii) cooling effects; (iii) final part thickness distribution; (iv)
sheet thickness distribution.
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Figure 2. Thermoforming process: (A) sheet deformation in the mold; (B)