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Evolutionary algorithms are very popular methods to solve multi-
objective optimization problems. In literature, there are many
multi-objective evolutionary algorithm methods. It is possible to
improve these methods. This paper proposes a line of refinements
and modifications on the fitness assignment part of well known
SPEA method. The density information generated by k-NN (k-th
nearest neighbor method) and the concept of domination power are
used to modify SPEA in order to deliver a much refinement fitness
values in terms of uniqueness and homogeneity. Two modified
methods are proposed (named SPEAmodl and SPEAmod2). The
main goal is to extract more information from a population (and is
to deliver to the decision maker) by using proposed variants than
the original method. The original method and its modifications are
tested on four well-known test functions in the literature. The
proposed modifications are shown to be superior to the original
method. Finally, fitness assignment capability of original SPEA
method is significantly improved.
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1. Introduction

In engineering area, multi-objective
optimization is a significant subject. Many real-
world optimization applications involve several
conflicting  objectives [1].  Evolutionary
algorithms (EAs) are effective to solve the
problems which have multiple objectives. While
searching the optimal result/results of a
problem, EAs assign fitness values to
individuals/solutions in early steps of their
algorithms. Detailed information about EAs can
be found in [1,2]. A survey of multi-objective
evolutionary algorithms (MOEAs) has been
provided in [3]. A survey of recent
developments on MOEAs can be found in [4].

In the literature, a lot of MOEASs have been
published so far [5,6,7,8,9,10,11,12,13,and etc.].
Jensen [14] says that “The majority of these
algorithms use fitness assignment based on
Pareto domination: non-dominated sorting,
dominance counting or identification of non-
dominated solutions”.

Many existing methods also strongly indicate
that fitness assignment is still an open question
in MOEAs. Another interpretation of many
existing FAMs (Fitness Assignment Methods) is
that multiple objectives (or dimensionality) are
reduced by FAMs to a single fitness value (or in
a single dimension) and there is no single and
simple way to make the dimensionality
reduction [15].

Two improvements can be done in MOEAS: i)
improvement in the fitness assignment
mechanism, ii) improvement in the elitism
mechanism. In this paper, the first one is applied
for improving the performance of SPEA. The
performance of SPEA algorithm is increased by
modifying the fitness assignment mechanism.

The k-NN and the concept of domination power
(of an individual) are used to modify SPEA
method in order to deliver a much refinement
fitness values in terms of uniqueness and
homogeneity. Two modified methods are
proposed out of SPEA [8]. The proposed
modifications (or variants) are obtained by

adding: i) the density information generated by
k-NN, ii) the concept of domination power of an
individual.

This paper is organized as follows. SPEA
algorithm is briefly given in Section 2.
Modification methods are presented in Section
3. Application the modification methods to
SPEA is given in Section 4. Simulation results
are presented in Section 5. Finally, some
conclusions and future directions are presented
in Section 6.

2. Strength
algorithm (SPEA)

SPEA is an EA method used Pareto
domination concept [8]. Two different
populations are used in SPEA: The first
population called as current population is used
to create the offspring. The second population
called as archive is used to maintain the
evolutionary information of Pareto front.
non-dominated solutions (or Pareto individuals)
are copied to the archive at each generation. For
each solution in the archive, a strength value is
computed. Strength value of a solution is
proportional to the number of solutions
dominated by this solution.

pareto  evolutionary

The fitness value of a solution in the current
population is computed by using the strength
values of all external non-dominated solutions
that dominate it. Additionally, a clustering
method is used to keep diversity.

3. Modification methods

3.1. The density information generated
by k-th nearest neighbor method

The density estimation method proposed
by Zitzler et al.[10] is used for modifications.
Zitzler et al.[10] suggested that “an adaptation
of the k-th nearest neighbor method, where the
density at any point is a (decreasing) function of
the distance to the k-th nearest data point”. The
authors of SPEA2 use the inverse of the
distance to the k-NN for density estimation.
Zitzler et al.[10] calculated the distances in
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objective space for each solution i to all 4yihors of SPEA2 selected k =+/N +N . (N:

solutions j in the archive After that they stored opulation size, N: archive size). Afterwards
distances in a list. Then, the list is sorted in an Pop . TR ' ) '
the density of a solution is calculated by:

increasing order and the k-th component
presents the distance indicated as o [10]. The
1

D(i) = @
® O'ik +2
3.2. Domination power concept
Domination powers of individuals in a More information about domination power can
population are calculated by  using be found in [15].

Algorithm- 1.

Algorithm-1 (Domination Power Algorithm)
Step 1: Assign dummy fitness to each individual inversely proportional to their sub-population number (obtained from
MOGA [6] algorithm).

. 1
= 2
ar sub__ population(j) @

i=1...n, where n is the total number of individuals and j=1...m, and m is the total number of sub-populations. A
numerical example is given as (there are four sub-populations in Figure 2(b), {A,B,C,D}{E,F}.{G}{H}):

df(A)=1.0000, df(B)=1.0000, df(C)=1.0000, df(D)=1.0000
df(E)=0.5000, df(F)=0.5000, df(G)=0.3333, df(H)=0.2500

Step 2: Calculate relative domination power of an individual. To do so, find out how many individuals are dominated
by this particular individual and sum all the dummy fitness values of dominated individuals. This will determine;

rdp(i) = 3" df (k) @
k=1

where £...r represents all individuals dominated by ind_i and k...r # i. A numerical example is given as:

rdp(A)=df(G)+df(H)=0.3333+0.25=0.5833
rdp(B)=df(F)+df(G)+df(H)=0.5+0.3333+0. 25=1.0833
rdp(C)=df(E)+df(H)=0.5+0. 25=0.7500
rdp(D)=df(H)=0. 2500

rdp(E)=rdp(F)=rdp(G)=0. 2500

rdp(H)=0.0000

Step 3: Repeat Step 2 for the rest of the individuals within the same sub-population. Sum the rdp( ) of all individuals
within the same sub-population and obtain total domination power for that sub-population as formulated below:

p
tdp(sub_ population (j)) = > rdp(i) 4)

where i...p are all individuals inside the sub-population(j). A numerical example is given as:

tdp(sub_population_1)=rdp(A)+rdp(B)+rdp(C)+rdp(D)=0.5833+1.0833+0.75+0.25=2.6666
tdp(sub_population_2)=rdp(E)+rdp(F)=0.25+0.25=0.5000
tdp(sub_population_3)=rdp(G)=0.2500

tdp(sub_population_4)=rdp(H)=0.0000
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Step 4: Calculate the Domination Power (DP) for the i-th individual with the following formula (where 1 is added to

the nominator to avoid divide by zero):

rdp (i)

DP(i) =

A numerical example is given as:

DP(A)=0.5833/(2.6666+1)=0.1591
DP(B)=1.0833/(2.6666+1)=0.2955
DP(C)=0.7500/(2.6666+1)=0.2045
DP(D)=0.2500/(2.6666+1)=0.0682

Step 5: Repeat step 2 - step 4 until all individuals are ranked.

4. Application the modification methods
to SPEA

4.1. The first modification of SPEA
(SPEAmMod1)

In this modification, the final fitness
values of individuals are calculated by adding

~ tdp(sub— population (j)) +1

®)

DP(E)=0.2500/(0.5000+1)=0.1667
DP(F)=0.2500/(0.5000+1)=0.1667
DP(G)=0.2500/(0.2500+1)=0.2000
DP(H)=0.0000/(0.0000+1)=0.0000

The final fitness value of an individual is
computed as (i=1,2,...population size):

Fspeamodi () = Fspea (1) + Dspeamod ()~ (6)

An example of fitness assignment of this
modification is shown in Figure 1. Ordering of

the raw fitness values found by original SPEA individuals D>AC>B>E>F>-G>H
to the density values calculated by using k-NN.
f2 H2.6000) f2 H{0.1354) f2 Hi2.7354)
a) e S : P
o g 9 8019 g 82157
E(1.6000) E(0.2071) F(1.8071)
o | sueom) B epaom: 17 guen:
C(0.40%0) G(0.18%7) C (0.5957)
# D0.2000) ® 00 142 ® D(0.3428)
. e .
f1 f1 : | fi

Figure 1. a) First step, SPEA ranking, b) Second step, Density information, c¢) Final fitness values

of SPEAmod1
4.2. The second modification of SPEA
(SPEAmMOd2)

In this modification, the final fitness
values of individuals are calculated by adding
the raw fitness values found by original SPEA
to the domination powers of individuals. The
final fitness value of an individual is computed
as (i=1,2,...population size):

Fspeamodz () = Fspea (1) + DPspeamodz (i) (7)

An example of fitness assignment of this
modification is shown in Figure 2. Ordering of
individuals from the best one to the worst one is
givenas:D>~A>C>B>~E>~F>G>H.
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Figure 2. a) First step, SPEA ranking, b) Second step, Domination powers of
individuals, ¢) Final fitness values of SPEAmod2.

5. Simulation results

SPEA and its modifications are
simulated on four test functions (including
ZDT1, ZDT2, ZDT3 and ZDT6) in the
literature [8]. The single-point crossover
and bitwise mutation are applied. The
crossover probability of p, =0.9 and a

mutation probability of p,, =1/1 (where

| is the string length) are used. Stochastic
Universal Sampling (SUS) is employed as
a fitness proportional selection operator.
The population of size is selected as 100
individuals and the external population
size is selected as 25 individuals. 30 bits
are used to code each decision variable.
Two metrics (GD and A [1,11]) are used
to evaluate the performance of algorithms.
The first metric (GD-Generational
Distance) measures the convergence to a
known set of Pareto-optimal solutions
[1,11]. The second metric (A-Spread)
measures the spread of the obtained

solutions [1,11]. Afterwards, mean values
of convergence (GD) and diversity (A)
metrics are calculated. This two metrics
are desired to be small. SPEA and its
modifications are run twenty times for
each test functions.

Table 1 presents the mean values of the
GD for the 20 final populations. Table 2
presents the mean values of the A for the
20 final populations. To make an easy
reading, the best results in Table 1 and
Table 2 are shown in bold.

According to Table 1, SPEAmod1 has the
best convergence values on ZDT1 and
ZDT3 test functions, and SPEAmod2 has
the best convergence values on ZDT2 and
ZDT6 test functions. Therefore, it is
noticed that SPEAmodl is superior to
original SPEA in terms of convergence
metric on test set used in this paper.

Table 1. Mean values of the convergence metrics (GD).

GD ZDT1 ZDT2 ZDT3  ZDT6
SPEA 0.1256 0.2432 0.1039 1.8338
SPEAmod1 0.0695 0.2195 0.0750 1.7353
SPEAmMod2 0.1441 0.1879 0.1406  0.7070

According to Table 2, SPEAmod1 has the
best diversity metric values on ZDT1,
ZDT2 and ZDT3 test functions. Also,
original SPEA has the best on ZDT6 test
function. SPEAmodl is superior to

original SPEA in terms of diversity metric
on three test problems out of four test
problems. SPEAmod2 is the worst among
three methods in terms of diversity.
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Table 2. Mean values of the diversity metrics (A).

A ZDT1 ZDT2 ZDT3  ZDT6
SPEA 0.6390 0.7275  0.6507 0.8488
SPEAmMod1 0.6047 0.6537  0.5532 0.8957
SPEAmod?2 0.8020 1.0447  0.8743 0.9891

6. Conclusions

The fitness assignment part of a
well-known SPEA  algorithm IS
computationally and structurally modified
to generate more informative fitness
values than the original one. And, two
modified variants (SPEAmod1 and

SPEAmMod2) are obtained in order to
deliver a much refinement fitness values
in terms of uniqueness and homogeneity.
The proposed modifications (or variants)
are obtained by adding: i) the density
information generated by  k-NN, ii) the
concept of domination power of an
individual.

The main goal is to extract rich fitness (or
the desirability level of individuals)
information from a population (and is to
deliver to the decision maker). The
original methods and proposed ones are
tested on four benchmarks. Generally
speaking, modifications of SPEA are
better than original SPEA.

Finally, fitness assignment capability of
original SPEA method is significantly
improved. As a future work, a structurally
modified decision maker may be needed
to be able to process a much more refined
fitness values. Therefore, significant
modifications are necessary to design and
construct an intelligent (and as well as
efficient) decision maker to process a
more refinement set of fitness values.
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