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Abstract

In this paper, we study three selection mechanisms based on the maximin fit-
ness function and we propose another one. These selection mechanisms give
rise to the following MOEAs: “MC-MOEA”, “MD-MOEA” | “MH-MOEA” and
“MAH-MOEA”. We validated them using standard test functions taken from
the specialized literature, having from three up to ten objective functions. We
compare these four MOEAs among them and also with respect to MOEA/D
(which is based on decomposition), and to SMS-EMOA (which is based on the
hypervolume indicator). Our preliminary results indicate that “MD-MOEA”
and “MAH-MOEA” are promising alternatives for solving MOPs with either
low or high dimensionality.
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1. Introduction

In real-world applications there are many problems which involve the simul-
taneous optimization of multiple objective functions [1], which are normally in
conflict with each other. They are called “Multi-objective Optimization Problems
(MOPs)”. Because of the conflicting nature of the objectives to be optimized,
the notion of optimality refers in this case to finding the best possible trade-offs
among the objectives (i.e., we aim to find solutions for which no objective can be
improved without worsening another). Consequently, when solving MOPs we
do not aim to find a single optimal solution but a set of them, which constitute
the so-called Pareto optimal set, whose image is known as the Pareto front.

The use of evolutionary algorithms for solving MOPs has become very pop-
ular in the last few years [2], giving rise to the so-called Multi-Objective Evo-
lutionary Algorithms (MOEAs).?2 MOEAs have two main goals: (i) to find
solutions that are, as close as possible, to the true Pareto front and, (ii) to pro-
duce solutions that are spread along the Pareto front as uniformly as possible.
We can talk of two types of MOEAs, if we classify them based on their selec-
tion mechanism: (i) those that incorporate the concept of Pareto optimality into
their selection mechanism, and (ii) those that do not use Pareto dominance to se-
lect individuals. The use of Pareto-based selection has several limitations from
which, its poor scalability with respect to the number of objective functions
is, perhaps, the most remarkable. The quick increase in the number of non-
dominated solutions as we increase the number of objective functions, rapidly
dilutes the effect of the selection mechanism of a MOEA [9].

Here, we are interested in the maximin fitness function (MFF) [10, 11] which
can act as a selection mechanism of type (ii) and it has interesting properties.

Furthermore, computing the MFF is computationally efficient because its com-

2 Although this paper focuses on MOEAs, there are many other multi-objective meta-
heuristics currently available (for example, multi-objective ant colony optimizers [3, 4], multi-
objective particle swarm optimizers [5], multi-objective firefly algorithms [6], multi-objective
flower pollination algorithms [7], and multi-objective harmony search algorithms [8] just to
name a few). However, their discussion is beyond the scope of this paper.



plexity is linear with respect to the number of objective functions. Nevertheless,
the use of the MFF also has some disadvantages, but there have been some pro-
posals to address them.

Thus, the main goal of this paper is to provide an in-depth study about the
MFF and its proposed variations, so that we can identify its main advantages
and possible limitations. Such a study aims to provide more information about
the sort of instances in which it is advisable to use any of the proposed MFF-
based MOEAs, as well as those cases in which their use may present some
difficulties.

The remainder of this paper is organized as follows. Section 2 states the
problem of our interest. The previous related work about MOEAs based on
MFTF is presented in Section 3. MFF is described in detail in Section 4. Sec-
tion 5 describes three MOEAs based on MFF (MC-MOEA, MD-MOEA and
MH-MOEA) and we also propose a new version of MH-MOEA called MAH-
MOEA. Our experimental results are presented in Section 6. Finally, we provide

our conclusions and some possible paths for future work in Section 7.

2. Problem Statement

We are interested in the general multiobjective optimization problem (MOP),

which is defined as follows: Find #* = [z}, x5, ..., 2%]7 which optimizes

—

f(f): [fl(f)vf2(f)7"'afk(f)]T (1)

such that @ € Q, where Q C R" defines the feasible region of the problem.

Assuming minimization problems, we have the following definitions.

Definition 1. We say that a vector ¥ = [z1,...,7,]T dominates vector §f =
(Y1, yn)T, denoted by T < i, if and only if f;(¥) < f;(§) for alli € {1,....k}

and there exists an i € {1,...,k} such that f;(Z) < f:(¥).
I

Definition 2. We say that a vector & = [x1,...,2,]" is weakly non-dominated

if there does not exist any § such that f;(y) < fi(Z) for alli € {1,...,k}.



Definition 3. A point ©* € Q is Pareto optimal if there does not exist any

T € Q such that ¥ < T*.

Definition 4. A point & € Q is weakly Pareto optimal if there does not exist

another point i € Q such that f;(y) < fi(Z) for all i € {1,....,k}.

—

Definition 5. For a given MOP, f(Z), the Pareto optimal set is defined as:
P ={ZecQ-TecQ:y<2

—

Definition 6. Let f(Z) be a given MOP and P* the Pareto optimal set. Then,

-

the Pareto Front is defined as: PF* = {f(¥) | ¥ € P*}.

3. Related Work

The maximin fitness function (MFF) was originally proposed by Balling in
[10] and it has been incorporated in genetic algorithms [11, 12, 13, 14, 15],
particle swarm optimizers [16, 17], ant colony optimizers [18] and differential
evolution [19].

The early proposals based on MFF only considered MOPs with low dimen-
sionality (two objective functions) and did not adopt a technique to improve the
distribution based on the idea that MFF penalizes clustering. It was until 2012
[19] that a more in-depth study of MOEAs based on MFF was undertaken. The
authors of this study found two important disadvantages when MFF is used to

select individuals:

1. MFF prefers weakly non-dominated individuals over dominated individu-
als and this causes a loss in the diversity of the population, especially, in
MOPs in which one objective function is easier to solve than the others.

2. The second disadvantage has to do with the poor diversity obtained in
objective function space. Although MFF penalizes clustering between
solutions, it is possible that many individuals have the same fitness and

then we cannot know which individual should be selected.



In recent years, some proposals to address the two above disadvantages have
been made [19, 13, 14, 15]. In the following sections we will provide an in-depth

analysis of such proposals.

4. Maximin Fitness Function

The maximin fitness function (MFF) works as follows. Let’s consider a MOP
with K objective functions and an evolutionary algorithm whose population size
is P. Let f} be the normalized value of the k" objective for the i'" individual
in a particular generation. Assuming minimization problems, we have that
the ;" individual weakly dominates the 7" individual if: ming(fi — f1) > 0.
The " individual, in a particular generation, will be weakly dominated by
another individual, in the generation, if: max;;(ming(fi — f,g)) > 0. Then,

the maximin fitness of individual 7 is defined as:
fitness® = mazjzi(ming(fi — f1)) (2)

where the min is taken over all objective functions, and the max is taken over all
individuals in the population, except for the same individual i. From eq. (2), we
can say the following: (i) Any individual whose maximin fitness is greater than
zero is a dominated individual; (ii) any individual whose maximin fitness is less
than zero is a non-dominated individual; (iii) finally, any individual whose max-
imin fitness is equal to zero is a weakly-dominated individual. Some interesting

properties of MFF are the following:

1. MFF penalizes clustering of non-dominated individuals. See Figure 1(b).

2. The maximin fitness of dominated individuals is a metric of the distance
to the non-dominated front. See Figure 1(c).

3. The maz function in the maximin fitness of a dominated individual is al-
ways controlled by a non-dominated individual and is indifferent to clus-
tering. The max function in the maximin fitness of a non-dominated indi-
vidual may be controlled by a dominated or a non-dominated individual.

See Figure 1(c).
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Figure 1: Properties of maximin fitness function. In (b), we can see that if we incorporate
individual D, individuals B, C and D are penalized because they are close from each other. In
(c), we can see that the fitness of individuals D, E and F is controlled by the non-dominated
individual B, and their fitness is a metric of the distance to the individual B. The same occurs
with individual G but its fitness is controlled by the non-dominated individual C. Also, we
can see that the fitness of individual B is affected by the dominated individual D because they
are close and the fitness of individual C is affected by the dominated individual G.

The author of MFF proposed in [11] the following modified MFF:

fitness' = maxjzi jenn(ming(fi — 1)) (3)

where N'D is the set of non-dominated individuals. Using eq. (3) to assign
the fitness of each individual, we guarantee that the fitness of a non-dominated
individual is controlled only by its non-dominance and then, we only penalize
clustering between non-dominated individuals. For example, if we use the mod-
ified MFF in Figure 1(c), individual B would not be penalized and it would
retain a fitness value equal to -1.

It is interesting to observe that MFF allows to design, in an easy way, an
interactive method to solve MOPs when the decision maker can define prefer-
ences. For example, at each iteration of the algorithm we can present to the
decision maker the set of non-dominated solutions, and then he/she can choose
which solutions will be considered to calculate the fitness of each solution in the

population. Then, we use the following equation to assign fitness:

fitness' = max;z; jea(ming(fi — f1)) (4)



where A is the set of non-dominated individuals which were chosen by the

decision maker.

4.1. Disadvantages of the Mazimin Fitness Function

A MOEA based on Differential Evolution and MFF was proposed in [19]. In
that work, two important disadvantages of the MFF were identified. The prin-
cipal disadvantage arises from the following question: Is it better to prefer
weakly non-dominated individuals than dominated individuals? The
answer was that it is not good to prefer weakly non-dominated individuals (even
if they are weakly non-dominated by any dominated individual). As an example

to illustrate this claim, the ZDT2 test problem was used:
o o o o o 9«
A@) =21 fo@) = g(@) (1 - (21/9(7)%); 9(F) =1+ ] Ziﬂi; (5)
i=2

If we use MFF into an evolutionary algorithm to solve ZDT2, we would
assign the fitness of each individual using MFF, and then we would sort the
individuals according to their fitness values. Then, we will obtain many (perhaps
even only) weakly Pareto points because fi is easier to optimize than fo and
then, we quickly obtain weakly non-dominated solutions at one extreme of the
Pareto front. Figure 2(a) shows that if we use Differential Evolution and MFF,
we only obtain weakly Pareto points. Figure 2(b) shows that if we use a Genetic
Algorithm and MFF, the convergence to the Pareto optimal front is slow because
we obtain many weakly Pareto points during the search. In [16], the authors
proposed a MOEA based on a particle swarm optimizer and MFF, and also
reported problems in ZDT2. In order to address this problem, the following
constraint was proposed in [19]: Any individual that we want to select must not
be similar (in objective function space) to another (already selected) individual.
The process to verify similarity between individuals is shown in Algorithm 1.

By adding this constraint, we can find the true Pareto front of ZDT2 when
we use a MOEA based on Differential Evolution, see Figure 2(c). Also, we

speed up convergence when we use a MOEA based on a Genetic Algorithm,
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Figure 2: In (a), we used a MOEA based on Differential Evolution and the maximin fitness
function. In (b), we used a MOEA based on a Genetic Algorithm and the maximin fitness
function. In cases (c) and (d), we used the same MOEAs adopted in (a) and (b), respectively,
but using the constraint to verify similarity. In all cases, we used a population size of 100
individuals. In cases (a) and (c), we iterated for 100 generations. Finally, in cases (b) and
(d), we iterated for 150 generations.

Input : P (population), z (individual such that x ¢ P) and e (minimum difference
between components).

Output: Returns 1, if the individual z is similar to any individual in the population P;
otherwise, returns 0.

1 foreach y € P do

2 foreach objective function “k” do
3 if |z flk] — y.fIk]| < ¢ then

4 | return 1;

5 end

6 end

7 end

8 return 0;

Algorithm 1: Verify similarity



see Figure 2(d). The complete selection mechanism using MFF and the above
constraint proposed in [19] is shown in Algorithm 2. One could think that we
can use MFF simply without selecting solutions whose maximin fitness value is
equal to zero (because they are weakly dominated). However, it is important to
note that the above constraint avoids that we select both: (i) solutions which
are weakly dominated by non-dominated solutions and (ii) solutions which are
weakly dominated by dominated solutions. For example, let’s assume that we
want to select five individuals in Figure 1(c). If we only use MFF, then we select
individuals A, C, B, D, F. If we use MFF and the above constraint, then we sort
them according to their fitness values: A(-1), C(-0.75), B(-0.5), D(0.5), F(0.5),
G(0.75) and E(1). Finally, we select individuals A, C, B, D and we consider
the individual F but we do not select it because is similar to individual D (in
objective function f;) which had been already selected. Consequently, we select

individual G.

Input : P (population), N (number of individuals that we want to choose such that
N < |P|) and € (minimum difference between objectives).
Output: S (selected individuals).
/*Sorting with respect to the maximin fitness values */

1 AssignFitness(P);

2 Sort(P);

/*Fill up the new population with the best copies according to the maximin fitness
values, verifying that no solution is similar to one that had been previously
selected */

S« 0;

foreach y € P do

if |S| < N and VerifySimilarity(y, S, €) = 0 then
| S+ SUuy;

end

® N0 o s W

end

/*Choose the remaining individuals considering only the maximin fitness values */
9 if |S| < N then

10 foreach y € P such that y has not been selected and |S| < N do

11 | S+ Suy;

12 end

13 end

14 return S;

Algorithm 2: Maximin Selection

The second disadvantage has to do with the approximate Pareto optimal
front and its distribution. In [19], the authors showed that the maximin fitness
has difficulties in some cases. For example, in Figure 1(b), individuals B, C and

D have the same maximin fitness value. Therefore, we cannot know which of



those three is the best individual that should be part of the next generation.
In orded to address this disadvantage, several approaches have been proposed.
In [19], the authors proposed to combine MFF with a clustering technique. In
[13], the authors studied if it was better to use the original MFF or its modi-
fied version. In [14], the authors proposed to combine MFF with a technique
based on Euclidean distances which has as its aim to improve the distribution
of solutions. Finally, in [15], the authors proposed combining MFF with the
hypervolume indicator. In the following section, we will analyze these proposals

in more detail.

5. Selection Mechanisms based on MFF

5.1. MFF and a Clustering Technique

In [19], the authors proposed a selection mechanism based on MFF and a
clustering technique to select solutions from a set of non-dominated solutions.
Such mechanism works as follows. If we want to select N individuals from a
population of non-dominated individuals called N'D, then, we choose the best
N individuals with respect to their maximin fitness, and we use them as centers
of the clusters. Then, we proceed to place each individual in its nearest cluster.
Finally, for each of the resulting clusters, we recompute the center, and we
choose the individual closest to it. This procedure is shown in Algorithm 3.
With this technique, if we return to Figure 1(b) and we assume that we want to
choose two individuals, we can see that, regardless of the individual (B, C or D)
that we choose as an initial center of the cluster, we always obtain two clusters:
one of them contains individual A, and the other one contains individuals B, C
and D. After applying this procedure, we always choose individuals A and C.
See Figure 3. It is important to note that clustering selection does not iterate
many times to improve the distribution of the centers because we choose the
initial centers regarding the maximin fitness and we only want to do a small

correction based on the idea that MFF penalizes clustering.

10
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Figure 3: Let’s assume that we want to select two individuals. If we use only the maximin
fitness function and we assume that A, B, C and D is the ordering of the solutions after sorting
them with respect to their fitness value, then we select individuals A and B and individuals C
and D are not considered (see (a)). This is clearly not a good selection procedure. If we use
the clustering technique proposed in [19], we take A and B as initial centers of the clusters
and we obtain two clusters: the first one only has A and the second has B, C and D, see (b).
When we recalculate the centers of the clusters and choose the closest solution to the centers,
we select A and C, see (c).

Input : N'D (population of non-dominated individuals) and N (number of individuals that
we want to choose such that N < |P]).
Output: S (selected individuals).
/*Choose the best N individuals, according to maximin fitness, as centers of the
clusters C */
AssignFitness(ND);
Sort(ND);
for j + 1 to N do
wj = y; such that y; € N'D;
C; =1{0}
end
/*Do one iteration of clustering */
7 foreach y € ND do
8 if p; is closest to y then
9 | Cj+Cjuy;
10 end
11 end
/*0btain the new centers of the clusters */

12 for j < 1 to N do

1 .
13 B TET X Ui
inCj

Qo W N

J

14 end

/*Select individuals who are closest to the centers of the clusters */
15 S+ 0;
16 for j + 1 to N do

17 if y; | yi € Cj is the nearest to the center p; then
18 | S+ SUuy;

19 end

20 end

21 return S;

Algorithm 3: Clustering Selection (setting the centers using maximin)

11



It is necessary to consider that if we want to select from a set which contains
dominated solutions, this selection mechanism is not effective. For example,
in Figure 1(c), if we want to select three individuals, the clustering technique
selects individuals A, D and C, penalizing individual B. This is clearly not good
because individual B dominates individual D. Therefore, the complete selection
mechanism that the authors proposed in [19] is a combination of Algorithms 2
and 3. If we want to select N individuals from a population P, first, we obtain
the set of non-dominated solutions which will be called “A'D”. Then, if the
number of non-dominated solutions is greater than N (i.e., IN'D| > N), we use
Algorithm 3; otherwise, we use Algorithm 2.

Although with this selection mechanism the authors were able to address
some difficulties of MFF, it still has some disadvantages. For example, if we
see Figure 4, and we assume that we want to select six individuals, if we only
use MFF to select, we would choose individuals A, B, C, D, E and F. If we
use the selection mechanism based on MFF and the above clustering technique,
we would choose individuals A, B, C, D, E and K. None of these two results is
correct. This is because MFF penalizes all solutions (G, H, ..., O) and prefers to
select solutions in other parts of the Pareto front, leaving big gaps in the front.

Finally, a study about the impact of using the original MFF or its modified
version was done in [13]. The main conclusions of this study were that there is
no significant impact. In this paper, we always use the modified version of MFF

for all the MOEAs presented.

5.2. MFF and Euclidean Distances

In [14], the authors proposed to combine MFF with a technique based on
Euclidean distances to improve the distribution of the solutions in objective
function space. They explained that they used Euclidean distances because
the aim was that the solutions were uniformly distributed. Such a selection
mechanism works as follows:

Let’s assume that we want to select N individuals from a population called

P. First, we assign fitness to each individual using the modified version of MFF.

12
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Figure 4: Maximin fitness function penalizes all solutions G, H, ... O. This is undesirable,
because it leaves gaps when we select individuals.

Then, we proceed to select individuals according to their fitness value, verify-
ing similarity between the selected individuals (see Algorithm 1). We put the
selected individuals in the set called S. If we already selected the N individuals
but there are still non-dominated individuals which have not participated in the
selection process, then we proceed to do the following. For each non-dominated
individual y who has not participated in the selection process (because its fitness
value is low), we obtain its nearest neighbor from S (Speqrest) and we choose a
random individual from S (Srandom, such that Spearest # Srandom). We assume
that the probability of choosing an individual in a crowded region is higher than
the probability of choosing an individual in an unexplored region. Then, y will
compete with S,gndom and Speqrest t0 survive. We use Speqrest With the idea
of improving the diversity locally: If we move Speqrest t0 y, do we increase the
distance with respect to its nearest neighbor in S? And, we use Srqndom be-
cause we consider the scenario in which the solution S,eqrest is in an unexplored
region and, therefore, it is not a good idea to delete Speqrest Or y. Therefore,
first, y competes with the randomly chosen solution $,4ngom: If the Euclidean
distance from y to its nearest neighbor in § is greater than the Euclidean dis-

tance from S,qndom tO its nearest neighbor in S, we replace S;qndom With y. If

13



y loses the competition, then y competes with its nearest neighbor to survive.
If the Euclidean distance from y to its nearest neighbor in S (without consider-
INg Spearest) 18 greater than the Euclidean distance from $peqrest t0 its nearest
neighbor in &, then we replace Speqrest With y. It is important to mention that
if all the objectives are equally important, we need to calculate the Euclidean
distance on the normalized values of the objective functions. The complete

selection mechanism is shown in Algorithm 4.

Input : P (population), N (number of individuals to choose N < [|P||).
Output: S (selected individuals).
/*Sorting with respect to the maximin fitness */
1 AssignFitness(P);
Sort(P);
ND <« The non-dominated solutions in P;
/*Fill up the new population with the best copies according to the maximin fitness,
verifying that there is not a similar one */
S« 0;
foreach y € P do
if |S| < N and VerifySimilarity(y, S, €) = 0 then
| S+ SUuy;
end

W N

© W No TR

end

10 if |S| < N then

/*Choose the remaining individuals considering only the maximin fitness */
11 foreach y € P such that y has been not selected do

12 | S+ Suy;

13 end

14 else

/*Improve diversity according to the Euclidean distances between solutions. */
15 foreach y € N'D who has not participated in the selection process do

16 if VerifySimilarity(y, S, €) = 0 then

17 Snearest < The nearest neighbor of y in S;

18 dyl < Distance from y t0 Spnearest;

19 Srandom < Obtain a random individual from S such that Snearest 7 Srandom}
20 dsrandom <— Distance from S,qndom tO its nearest neighbor in S;

21 if dyl > dsrandom then

22 | Replace $,andom with y;

23 else

24 dsnearest <— Distance from Speqrest to its nearest neighbor in S;

25 dy2 < Distance from y to its nearest neighbor in & without regarding
Snearest;

26 if dy2 > dsnearest then

27 | Replace Spearest with y;

28 end

29 end

30 end

31 end

32 end

33 return S;

Algorithm 4: Maximin-Euclidean Selection

Figure 5 shows the selection process using MFF and Euclidean distances.
Since individuals C and D are not considered in (a), in (b), C competes with A
and B, and C replaces B. In (c), D competes with A and C, and D replaces C.

With this selection mechanism, if we return to Figure 4, we can avoid that the

14
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Figure 5: Let’s assume that we want to select two individuals. If we use the technique based
on MFF and Euclidean distances, first we select A and B (S = A, B), see (a). After that,
we consider individual C; its nearest neighbor is B and we choose A as a random solution.
First, C competes with A and C loses because the distance from A to B is greater than the
distance from C to B. Then, C competes with B and C wins because the distance from C to
A is greater than the distance from B to A, see (b). Finally, we consider D, and D loses with
A but it wins with C. Then, we select A and D, see (c).

approximate Pareto front has big gaps. Because of that, all individuals G, H,

.-+, O have the same fitness value.

5.3. MFF and the Hypervolume indicator

There are different indicators to assess the quality of the approximate Pareto
optimal set generated by a MOEA. However, the hypervolume indicator (Ig)
is the only unary indicator which is strictly “Pareto compliant®” [20]. Further-
more, I rewards convergence towards the Pareto front as well as the maximum
spread of the solutions obtained. For these reasons, many MOEAs based on it
have been proposed [21, 22, 23, 24, 25, 26, 27, 28]. However, this indicator
has an important disadvantage: its high computational cost (the problem of
computing Iy is #P-hard* [29]). In [15], the authors proposed a selection
mechanism that combines MFF and Ig. Their idea is to use MFF as the main
selection mechanism and Iy is used only to correct the possible errors produced

when selecting with MFF. One interesting thing of this selection mechanism is

3An indicator I : © — R is Pareto compliant if for all A,B C Q: A <X B = I(A) >
I(B) assuming that greater indicator values correspond to higher quality, where A and B are
approximations of the Pareto optimal set, {2 is the feasible region and A < B means that
every point b € B is weakly dominated by at least one point @ € A.

4]y cannot be computed exactly in polynomial time in the number of objective functions
unless P = NP.

15



that, to the author’s best knowledge, it is the only one based on [y that is
known to work with a population-based scheme. This is probably because MFF
determines the order in which each individual competes to survive using Iy and
also uses the competition scheme proposed in [28] in which each individual only
competes with two other individuals of the population. Therefore, the original
combinatorial problem no longer exists.

The selection mechanism proposed in [15] works as follows: If we want to
select N individuals from a population P, we assign first a fitness value to each
individual using the modified MFF. Then, we proceed to select the individuals
according to their fitness, verifying similarity between selected individuals, see
Algorithm 1. If we consider all individuals in the population and we do not
select IV individuals, we select the remaining individuals considering only the
maximin fitness. If we already selected the N individuals but there are still non-
dominated individuals in P who have not participated in the selection process,
then, we proceed to use the contribution to Iy as follows: Let S be the set of
current selected individuals. Then, for each non-dominated individual y who
has not participated in the selection process, we obtain its nearest neighbor in &
(we call it Ypeqrest) and we choose a random individual called y;-andom such that
Ynearest & Yrandom- Finally, we calculate the contribution to Iy of ¥, Ynearest
and Yrandom- 1f y has a better contribution than y,eqrest O Yrandom, then y
replaces the individual with the worst contribution (ynearest O Yrandom). Lhe
full selection mechanism is shown in Algorithm 5.

Figure 6 shows the selection process using MFF and [y. Since individuals
C and D are not considered, in (a), C competes with A and B, and C replaces
B. In (b), D competes with A and C, and it loses. Also, with this selection
mechanism, if we return to Figure 4, we can avoid that there are big gaps in
the front.

As we mentioned before, calculating Iy or its contribution is a #P-hard
problem. Therefore, although with the selection mechanism based on MFF and
Iy, we can reduce the number of times that we need to calculate the contribution

to Iy, if we want to solve MOPs with many objective functions, e.g., more than
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Figure 6: Let’s assume that we want to select two individuals. If we use the technique based
on MFF and Iy, first we select A and B (S = A, B). After that, we consider individual C;
its nearest neighbor is B and we choose A as a random solution. Individual B is eliminated
because it has the worst contribution, see (b). Finally, we consider Dj its nearest neighbor is
C and we choose A as a random solution. Individual D is eliminated because it has the worst
contribution, see (b). Finally, we choose individuals A and C, see (c).

Input : P (population), n (number of individuals to choose N < [|P||).
Output: S (selected individuals).
1 AssignFitness(P);
2 Sort(P);
3 ND <« The non-dominated solutions in P;
4 S« 0
/*Fill up the new population with the best copies according to the maximin fitness,
verifying that there is not a similar one */
5 S <« 0
6 foreach y € P do
7 if |S| < N and VerifySimilarity(y, S, €) = 0 then
8 | S+ Suy;
9 end
10 end
11 if |S| < N then
/*Choose the remaining individuals considering only the maximin fitness */
12 foreach y € P such that y has been not selected do
13 | S+ Suy;
14 end
15 else
/*Improve the diversity according to the contribution to Iy */
16 foreach y € N'D who had not participated in the selection process do
17 if VerifySimilarity(y, S, €) = 0 then
18 Ynearest < The nearest neighbor of y in S;
19 Yrandom — A randomly selected individual in S such that
Ynearest # Yrandom;
/*Calculate the contributions to the hypervolume */
20 Crearest +— CH (yneaTesh 8)1
21 Crandom < CH(Yrandom,S);
22 Cy < Cu(y,S);
/*Remove the individual with the worst contribution */
23 worst < Individual with the worst contribution (¥, Ynearest O Yrandom);
24 if worst = Ynearest 0T WOrst = Yrandom then
25 | Replace worst with y;
26 end
27 end
28 end
29 end
30 return S;

Algorithm 5: Maximin-Hypervolume Selection
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six, this MOEA is not practical.

In [30], the authors studied the competition scheme proposed in [28] and
also studied different ways to approximate Iz or its contribution. Finally, they
showed that approximating the contribution to Iy by adopting the technique
proposed by Bringmann and Friedrich in [31] within the selection mechanism
proposed by Menchaca and Coello in [28], produces good results. For this reason,
in this work, we propose to use a version of the selection mechanism based on
MFF and Iy which approximates the contributions to I, using the technique

proposed by Bringmann and Friedrich.

6. Experimental Results

Each of the four selection mechanism described above were incorporated
into a MOEA that uses the crossover and mutation operators of NSGA-II
to create new individuals, giving rise to the four following MOEAs: “MC-
MOEA: Maximin-Clustering Multi-Objective Evolutionary Algorithm”, “MD-
MOEA: Maximin-Distances Multi-Objective Evolutionary Algorithm”, “MH-
MOEA: Maximin-Hypervolume Multi-Objective Evolutionary Algorithm” and
“MAH-MOEA: Maximin-Approximated Hypervolume Multi-Objective Evolu-
tionary Algorithm”. These MOEAs work as follows: If the size of the popula-
tion is P, then we create P new individuals. We use a binary tournament to
select the parents. At each tournament, two individuals are randomly selected
and the one with the higher maximin fitness value is chosen. After that, we
combine the population of parents and offspring to obtain a population of size
2P. Then, we use one of the four available selection mechanisms to choose the
P individuals that will take part of the following generation. This process is
repeated for a certain (pre-defined) number of generations.

For our experiments, we used the DTLZ [32] test problems,> Table 1 shows

some features of each test problem. We used MOPs with up to ten objective

5In the technical report [33], we present a comparative study using the WFG [34] test suite,
too.
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functions. We used k = 5 for DTLZ1, DTLZ3 and DTLZ6 and & = 10 for
the remaining DTLZ test problems. We adopted the parameters suggested by
the authors of NSGA-II: p. = 0.9 (crossover probability), p,, = 1/n (mutation
probability), where n is the number of decision variables. For the crossover
and mutation operators, we adopted 1. = 15 and 7, = 20, respectively. Our
maximum number of fitness function evaluations was set to 50,000 (we used a
population size of 100 individuals and we iterated for 500 generations). In the

case of MAH-MOEA, we used 10* as our number of samples.

Table 1: Features of the test problems adopted. An objective function is separable if it can
be optimized by considering each parameter in turn, independently of one another, and the
resultant set of globally optimal parameter vectors is the cross-product of the optimal sets for
each individually optimized parameter. In the multi-objective sense, this means that the ideal
points for separable objectives can be determined considering only one parameter at a time.
An objective function is multimodal when it has multiple local optima and it is unimodal
when it has a single optimum. We consider that a problem is multimodal if it has at least one
multimodal objective function.

[MOP [[Separability] Modality [ Geometry |

DTLZI]] separable [multimodal linear
DTLZ2]| separable | unimodal concave
DTLZ3]| separable |multimodal| concave
DTLZ4]| separable | unimodal concave
DTLZ5 ! unimodal | degenerate
DTLZ6 7 unimodal | degenerate
DTLZT7]|| separable | unimodal [disconnected

6.1. Performance Indicators

To assess performance, we adopted the following indicators:

e Hypervolume indicator (Igy). It is defined as the size of the space
covered by the Pareto optimal solutions. Iy rewards both convergence to-
wards the Pareto front as well as the maximum spread of the solutions ob-
tained. To calculate I, we normalized the approximations of the Pareto
optimal set, generated by the MOEAs, and we used yrey = [y1,- -, Yk]
such that y; = 1.1 is adopted as our reference point. The normalization
was performed considering all approximations generated by the different
MOEAs (i.e., we place, in one set, all non-dominated solutions found by
the MOEAs which are being compared and from this set we calculate the

maximum and minimum for each objective function).
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e Two Set Coverage (Isc). We decided to use this indicator with the aim
of assessing the convergence of the MOEAs. Isc was proposed by Zitzler
et al. [35] and it is a binary Pareto compliant indicator. Let A, B be two

approximations of the Pareto optimal set, Igc is defined as follows:

|b € B such that 3@ € A with @ < b|
|B|

Isc(A,B) =

If all points in A dominate or are equal to all points in B, then by def-
inition Igc = 1. Isc = 0 implies that no element in B is dominated by
any element of A. In general, both Isc (A, B) and Isc(B,.A) have to be

considered.

e Spacing (Ig). It was proposed by Schott [36]. It measures the spread
of solutions in the approximate Pareto optimal front. This indicator is

defined as follows:

[A]
1 — 2
Is(A) = 4| ———— E d—d;
s Al -1 i=1 ( )
where: d; = min; jz; >, |fi — f]| and d = |17| Z‘i‘l d;, k is the number
of objective functions, i, = 1,---|A|. When Ig = 0 all the solutions in A

are uniformly spread.

It is important to keep in mind that we can obtain different results if we
use different indicators since each indicator can measure a different feature of
a multi-objective problem. Even if they measure the same feature, the use of
different indicators can provide different results, e.g., the hypervolume indicator
assesses both convergence and spread of solutions, and the R2-indicator also as-
sesses both features but the optimal distribution for the R2-indicator depends
of the convex weights that it adopts. If the convex weights are uniformly dis-
tributed, then the optimal distribution of these two indicators is different if
the Pareto front is not linear. In our case, we chose the hypervolume indica-

tor because, as it is known, this is the only unary indicator that is known to
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be strictly Pareto compliant [20]. Additionally, we chose the two set coverage
indicator and the spacing indicator because the first one assesses convergence
and it is also Pareto compliant and the second one assesses distribution but its
optimal distribution is uniform. In this way, our comparison among MOEAs
can be performed in a fair manner. However, it is worth noticing that the use
of the spacing indicator has to be considered in combination with the two set
coverage indicator because a set of solutions that presents a uniform distribution
is considered appropriate only if it constitutes a good approximation to the true
Pareto optimal front (i.e., convergence has precedence over distribution when

assessing performance of a MOEA).

6.2. Comparison of MOEAs based on MFF

In this section, we compare the four MOEAs based on MFF: MC-MOEA,
MD-MOEA, MH-MOEA and MAH-MOEA. Table 2 shows the results with re-
spect to Iy for the DTLZ test problems with up to six objective functions. In
this table, we can see that MC-MOEA ranked fourth in all twenty-eight cases;
MD-MOEA ranked third in twenty-four cases, second in two cases and first in
two cases; MH-MOEA ranked first in twenty-five cases and only in three cases
ranked second; finally, MAH-MOEA ranked second in twenty-three cases, third
in four cases and first in one case. Table 8(a) shows the results of the sta-
tistical analysis that we made to validate our experiments, for which we used
Wilcoxon’s rank sum. In this case, we decided to compare the fourth place with
the third place (MC-MOEA and MD-MOEA, respectively), the third place with
the second place (MD-MOEA and MAH-MOEA, respectively) and the second
place with the first place (MAH-MOEA and MH-MOEA, respectively). For
MC-MOEA and MD-MOEA, we can see that in twenty-six cases we can reject
the null hypothesis (medians are equal) and only for DTLZ6 with four objec-
tive functions and DTLZ1 with five objective functions we can say that these
two algorithms have a similar behavior. For MD-MOEA and MAH-MOEA,
we can see that in twenty-five cases we can reject the null hypothesis and only

for three problems both algorithms have a similar behavior. Finally, for MAH-
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MOEA and MH-MOEA, we have that for sixteen cases we can reject the null
hypothesis and for twelve cases we can say that both algorithms have a similar
behavior. This result is interesting because we can say that MAH-MOEA is
really competitive with respect to MH-MOEA.

Since MD-MOEA outperformed MC-MOEA in all cases, we can say that
the technique based on Euclidean distances was able to correct some disad-
vantages of the technique based on clustering, e.g., it can avoid that the ap-
proximate Pareto front has big gaps. However, both MOEAs (MC-MOEA and
MD-MOEA) have difficulties when the MOP has a degenerate Pareto front
(see problems DTLZ5 and DTLZ6). We think that this problem arises because
these two selection mechanisms have as their aim to distribute the solutions
uniformly and then, it is hard for the MOEA to converge to a front with a lower
dimensionality than the dimensionality of the problem. However, we can see
that MH-MOEA and MAH-MOEA were able to correct this disadvantage. This
is because the aim of these selection mechanisms is to maximize Iy and the
maximum [z corresponds to a distribution into the degenerate Pareto front.

An interesting thing is that MAH-MOEA, the version of MH-MOEA that
approximates the contribution to Iz, obtained results very close to MH-MOEA
but at a lower computational cost (see Tables 2, 3 and 8(a)). This is an im-
portant result because, as we know, MOEAs based on the use of the exact Iy
values are not practical when we want to solve MOPs with more than five or six
objective functions. In order to address this disadvantage, some authors have
proposed different techniques to approximate Iy or its contribution. However,
the quality of the solutions obtained by these MOEAs considerably degrades in
most cases, unlike MAH-MOEA which does not lose much quality due to two
reasons: First, it approximates the contribution to Iz in the competition scheme
proposed in [13] as the authors suggested in [30]. And second, it produces a
ranking using MFF to perform an initial selection and then it uses the contribu-
tion to Iy only to correct the possibles errors in this first selection procedure,
i.e., I is not used as the primary selection mechanism.

From Tables 2 and 3, we can say that the best option to solve MOPs with low
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and high dimensionality (in objective function space) is MAH-MOEA. However,
if we need to obtain the approximate Pareto optimal set in the shortest time
possible, MD-MOEA is a good option but we should be careful when dealing
with MOPs having degenerate Pareto fronts.

It is important to note that if we use I'y to compare the different MOEAs,
then it is evident that MOEAs based on this indicator have advantages over
those which don’t adopt it, because the aim of the former type of MOEAs is to
maximize Iz. For this reason, we decided to use two other indicators to compare
the approximate Pareto optimal sets obtained by the MOEAs. We adopted the
two set coverage indicator (Is¢) to measure convergence to the Pareto front and
the spacing indicator (Ig) to measure distribution of the solutions found. Since
we can use these two indicators to evaluate approximations which involve any
number of objective functions, we decided to use up to ten objective functions.
However, in this comparison we only considered MD-MOEA and MAH-MOEA
due to two reasons: First, Table 2 shows clearly that MD-MOEA obtained
better results than MC-MOEA. And second, although MH-MOEA is better than
MAH-MOEA, it cannot be used to solve MOPs with more than six objective
functions (its running time is too high, and it would require weeks or even
months to complete all the required experiments).

Table 4 shows the results for the DTLZ test problems with respect to Isc
and we can see that in fifty-four cases the solutions found by MAH-MOEA were
able to cover a larger percentage of the solutions found by MD-MOEA than the
percentage of solutions found by MAH-MOEA which are covered by at least
one solution found by MD-MOEA. However, only in the DTLZ6 test problem
we can assure that MAH-MOEA is better than MD-MOEA because only in this
problem the percentage of solutions found by MAH-MOEA which are covered
by at least one solution found by MD-MOEA is zero or close to zero and the
percentage of solutions found by MD-MOEA which are covered by at least
one solution found by MAH-MOEA is close to one. Table 5 shows the results
regarding Is and we can observe that MD-MOEA ranked second in thirty-nine

cases and first in seventeen cases. With these two tables, we can corroborate
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the results found when we use Iy: MAH-MOEA is better than MD-MOEA in
most cases. Finally, Figures 7 and 8 show the Pareto fronts obtained by the
four algorithms in their median with respect to the hypervolume indicator in
some of the test problems adopted. Here, we can see again that MAH-MOEA is
the best MOEA because it found well-distributed Pareto fronts, and its results
are very similar with respect to MH-MOEA. Also, we can see that MD-MOEA
is better than MC-MOEA and it is competitive with respect MH-MOEA and
MAH-MOEA (only in DTLZ6 it obtained a worse distribution).

As final conclusions of this section, we can say that MD-MOEA and MAH-
MOEA are the best options to solve MOPs with high and low dimensionality
in objective function space. Although MAH-MOEA is better than MD-MOEA
according to Iy, regarding Isc and Ig they are competitive. Also, MD-MOEA
is much faster than MAH-MOEA. However, it is important to be careful when
we use MD-MOEA because it has difficulties to solve certain types of MOPs,

e.g., those with a degenerate Pareto front.

6.3. MOEAs based on MFF vs MOEAs not based on MFF

In this section, we compare MD-MOEA and MAH-MOEA with respect to
two well-known MOEAs: The first one is MOEA/D. We chose this MOEA
because it has been a viable alternative to deal with many-objective opti-
mization problems in recent years. Also, its computational cost is very low.
MOEA/D [37] decomposes the MOP into N scalar optimization subproblems
and then it solves these subproblems simultaneously using an evolutionary al-
gorithm. For our experiments, we used the version in which MOEA /D adopts
PBI (Penalty Boundary Intersection) to decompose the MOP. We decided to
use PBI because the resulting optimal solutions with PBI are normally much
better distributed than those obtained by the Tchebycheff approach [37]. To
generate the convex weights we used the technique proposed in [38] and after
that, we applied clustering (k-means) to obtain a specific number of weights.

The second one is SMS-EMOA [24]. We chose this MOEA because it is
the most popular hypervolume-based MOEA. SMS-EMOA creates an initial
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Figure 7: Pareto fronts obtained by the four MOEAs (MC-MOEA, MD-MOEA, MH-MOEA
and MAH-MOEA) in the median (with respect to the hypervolume indicator) of their thirty
independent runs for the test problems DTLZ1 and DTLZ2.

25



DTLZ6 DTLZ7

S s
86 f3 :
g s
LI\ 2
g .
S 6
Q 5

f3 f3
g s
"é 2
g .
§f3 f3 :
:
g 3
< :
S 0
s

f3

orNwan

mah-moea
3

Figure 8: Pareto fronts obtained by the four MOEAs (MC-MOEA, MD-MOEA, MH-MOEA
and MAH-MOEA) in the median (with respect to the hypervolume indicator) of their thirty
independent runs for the test problems DTLZ6 and DTLZ7.
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population and then, it generates only one solution per iteration. After that,
it applies Pareto ranking. When the last front has more than one solution,
SMS-EMOA calculates the contribution to Iy of each individual in the last
front and it eliminates the individual with the worst contribution. Beume et
al. [25] proposed not to use the contribution to Iy when in the Pareto ranking
we obtain more than one front. In that case, they proposed to use the number
of solutions which dominate to one solution (the solution that is dominated
by more solutions is removed). In this work, we used the version proposed
by Beume et al. but instead of calculating the exact contribution to Iy, we
approximate it using the same technique that we adopted for MAH-MOEA.

Since these four MOEAs use the same operators to create new individuals
(they use the same crossover and mutation operators adopted by NSGA-II), the
comparison of selection mechanisms is fair. For MOEA /D and SMS-EMOA, we
also adopted the parameters suggested by the authors of NSGA-II: p. = 0.9,
Pm = 1/n, where n is the number of decision variables, . = 15 and 7, = 20.
In the case of MOEA /D, we used a neighborhood with size equal to 20 and in
the case of SMS-EMOA we used 10* as our number of samples.

Before we perform the comparison, it is important to mention that both
MOEA/D and SMS-EMOA have important disadvantages. SMS-EMOA is im-
practical to solve MOPs with many objective function because calculating Iy or
its contribution involves a very high computational cost. In this work, we use a
version that approximates the contribution to I. However, as we will see later
on, the competition scheme used by SMS-EMOA is not efficient and therefore,
the running time of this version of SMS-EMOA is also high. On the other hand,
MOEA/D needs to generate a set of well-distributed convex weights and this
task becomes more difficult as we increase the number of objective functions.

Regarding Iy and considering the DTLZ test problems (see Table 6) MD-
MOEA ranked second in eleven cases, third in nine cases, fourth in five cases
and first in three cases. MAH-MOEA ranked first in fourteen cases, second
in ten cases, third in three cases and fourth in one case. MOEA/D ranked

fourth in nineteen cases, third in five cases, second in three cases and first in
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one case. Finally, SMS-EMOA ranked third in eleven cases, first in ten cases,
second in four cases and fourth in three cases. Table 8(b) shows the results
of the statistical analysis that we conducted to validate our experiments, for
which we used Wilcoxon’s rank sum and Igy. In this case, we decided to com-
pare the MOEAs based on MFF (MD-MOEA and MAH-MOEA) with respect
to MOEA/D and SMS-EMOA. For MD-MOEA and MOEA /D, we can say that
only in one problem they have a similar behavior and in the twenty-seven re-
maining problems the null hypothesis (“medians are equal”) can be rejected.
The same occurs with MAH-MOEA and MOEA /D, since in only one problem
they have a similar behavior. In the case of MD-MOEA and SMS-EMOA only
in two problems both algorithms have a similar behavior and in the twenty-six
remaining problems the null hypothesis can be rejected. Finally, with respect to
MAH-MOEA and SMS-EMOA only in two cases they have a similar behavior
and in the twenty-six remaining problems the null hypothesis can be rejected.
From these results, we can say that MAH-MOEA is the best algorithm, fol-
lowed by SMS-EMOA in the second place, MD-MOEA in the third place and
MOEA/D in the fourth place. Another interesting thing is that MAH-MOEA
is much faster than SMS-EMOA. It is also worth noticing that MD-MOEA is
ranked second with respect to the running time but it is not much slower than
MOEA /D which is in the first place. See Table 7.

As conclusions of this section, we can say that MOEAs based on MFF are
a good option to solve MOPs with low and high dimensionality because they
can outperform well-known MOEAs such as SMS-EMOA and MOEA/D, e.g.,
both MD-MOEA and MAH-MOEA outperformed MOEA/D in the set of test
problems adopted and MAH-MOEA also outperformed SMS-EMOA in these
test problems. In addition, both MD-MOEA and MAH-MOEA are much faster
than SMS-EMOA and MD-MOEA is not much slower than MOEA /D.
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7. Conclusions and Future Work

In this paper, we have studied three selection mechanisms based on MFF.
The first one combines MFF with a clustering technique, the second one com-
bines MFF with a technique based on Euclidean distances and the third one com-
bines MFF with Iy. Since calculating Iy or its contribution is a # P-hard prob-
lem, we propose to approximate the contribution to Iz as the authors suggested
in [30]. Each of the four selection mechanisms was incorporated into a MOEA
that uses simulated binary crossover (SBX) and parameter-based mutation
(PM), giving rise the following MOEAs: “Maximin-Clustering Multi-Objective
Evolutionary Algorithm (MC-MOEA)”, “Maximin-Distances Multi-Objective
Evolutionary Algorithm (MD-MOEA)”, “Maximin-Hypervolume Multi-Objec-
tive Evolutionary Algorithm (MH-MOEA)” and “Maximin-Approximated Hy-
pervolume Multi-Objective Evolutionary Algorithm (MAH-MOEA)”. Accord-
ing to our experimental results, the best algorithm is MAH-MOEA because it
obtains results with a high quality and it can also be used in MOPs with many
objective functions (in this work we tested it with up to ten objective functions).
MAH-MOEA is followed by MD-MOEA, in terms of performance. MD-MOEA
obtained good results in most problems, but it has difficulties in MOPs with
degenerate Pareto fronts. We think that this is due to the fact that the aim of
the selection mechanism used by MD-MOEA is to obtain a uniform distribution.
Consequently, it is hard for MD-MOEA to converge to a Pareto front with a
dimensionality lower than the dimensionality of the MOP. If the time to obtain
the approximate Pareto optimal set is an important factor, MD-MOEA is the
best option because it obtains competitive results with respect to MAH-MOEA
but at a much lower computational cost.

Besides, in this work we compare MD-MOEA and MAH-MOEA, with re-
spect to two well-known MOEAs: MOEA /D and SMS-EMOA (in a version that
approximates the contribution to Iy). These MOEAs use a selection mecha-
nism based on decomposition and another based on Iz, respectively. Our results

showed that both MD-MOEA and MAH-MOEA outperformed MOEA/D in the
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DTLZ test problems and MAH-MOEA also outperformed SMS-EMOA. With
respect to the running time, both algorithms (MD-MOEA and MAH-MOEA)
are efficient because MAH-MOEA is much faster than SMS-EMOA and it also
obtained good results (it outperformed SMS-EMOA in the DTLZ test problems)
and MD-MOEA is not much slower than MOEA /D, while obtaining better re-
sults. Therefore, we can say that MD-MOEA and MAH-MOEA are a good
option to solve MOPs with low and high dimensionality because they obtain
approximations of the Pareto optimal set with a high quality and the compu-
tational cost of both MOEAs is affordable. Additionally, the running time of
MD-MOEA is quite good. Also, these MOEAs do not need additional informa-
tion such as MOEA /D that requires a set of well-distributed convex weights.

Another interesting feature of MOEAs based on MFF is that they can be
used to solve MOPs in an interactive way when the decision maker defines
his/her preferences. For example, a MOEA based on MFF can present at each
generation a set of non-dominated solutions to the user so that he/she can choose
the solutions which will be considered when calculating the maximin fitness of
each indidividual.

As part of our future work, we want to study the constraints used to avoid
selecting weakly dominated solutions because we think that this is one of the
reasons for which SMS-EMOA obtains better results than our MAH-MOEA in
some problems. For example, the constraint used in the MOEAs presented here
does not check if the selected solution is worse than the new solution that we
want to select. However, we cannot select such a solution, because it is similar

to the solution that had been previously selected.
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Table 2: Results obtained in the DTLZ test problems with up to six objective functions.
We compare MC-MOEA, MD-MOEA, MH-MOEA and MAH-MOEA using the hypervolume
indicator ;. We show average values over 30 independent runs. The values in parentheses
correspond to the standard deviations.
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Table 3: Results obtained in the DTLZ test problems with up to six objective functions. We
compare MC-MOEA, MD-MOEA, MH-MOEA and MAH-MOEA with respect to the running
time required by each MOEA to obtain the approximation of the Pareto optimal set. The

results are in seconds.

We show average values over 30 independent runs.

parentheses correspond to the standard deviations.
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Table 4: Results obtained in the DTLZ test problems with up to ten objective functions.
We compare MD-MOEA and MAH-MOEA with respect to Igc. In this case, A is the set
composed by all solutions found by MD-MOEA considering all 30 independent runs and B is
the set composed by all solutions found by MAH-MOEA considering all 30 independent runs.
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Table 5: Results obtained in the DTLZ test problems with up to ten objective functions. We
compare MD-MOEA and MAH-MOEA with respect to Ig. We show average values over 30
independent runs. The values in parentheses correspond to the standard deviations.
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Table 6: Results obtained in the DTLZ test problems with up to six objective functions.
We compare MD-MOEA, MAH-MOEA, MOEA /D and SMS-EMOA using the hypervolume
indicator ;. We show average values over 30 independent runs. The values in parentheses
correspond to the standard deviations.
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Table 7: Results obtained in the DTLZ test problems with up to six objective functions. We
compare MD-MOEA, MAH-MOEA, MOEA /D and SMS-EMOA with respect to the running
time required by each MOEA to obtain the approximation of the Pareto optimal set. The
results are in seconds. We show average values over 30 independent runs. The values in
parentheses correspond to the standard deviations.
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Table 8: Statistical analysis using Wilcoxon’s rank sum. For this, we used Ip, see Table 2
for (a) and see Table 6 for (b). P is the probability of observing the given result (the null
hypothesis is true). Small values of P cast doubt on the validity of the null hypothesis. H =0
indicates that the null hypothesis (“medians are equal”) cannot be rejected at the 5% level.

H =1 indicates that the null hypothesis can be rejected at the 5% level.
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