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In recent years, many multiobjective genetic algorithms (MOGAs) have been developed to obtain Pareto optimal

solutions for multiobjective optimization problems. It is important to obtain solutions with accuracy, uniform spread,

and broadness. In conventional MOGAs, mechanisms to improve the accuracy and uniform spread of the solutions

have been discussed, but broadness has not. On the other hand, Okuda proposed a distributed cooperation scheme

(DC-Scheme), which considers the broadness of the solutions as well as their accuracy and uniform spread. Both

MOGAs and single objective genetic algorithms (SOGAs) are utilized in the DC-Scheme, and broad solutions can be

obtained. In this research, further development of the DC-Scheme is performed. The modified DC-Scheme (mDC-

Scheme) has characteristics such as distributed scheme, cooperative search, and a Pareto archive. From numerical

experiments, the following two points were found out. First, it is capable of obtaining broader solutions compared

to a popular MOGA. Secondly, the accuracy of the obtained solutions was improved by the introduction of a Pareto

archive to the SOGA population.
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Fig. 1. Concept of Pareto-optimal Solutions.
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Fig. 3. Evaluation Components of Pareto Solu-
tions.
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Fig. 5. Concept of DC-Scheme.

DC-
Scheme

•
•
•

4.1.1

DC-Scheme
GA GA

GA

GA

k

GA 1 GA

k k +1
GA

MOGA Multiobjective GA
GA SOGA

Single Objective GA Fig. 6 DC-
Scheme MOGA

GA k

SOGA

SOGA search 
population

Migrate

Migrate

f1(x)

f2(x)

SOGA search
population

MOGA search
population

Fig. 6. Concept of Distribution Scheme.

DC-Scheme
GA

GA
MOGA SPEA2 SOGA

Distributed Genetic
Algorithm: DGA 14)

4.1.2

DC-Scheme MOGA
SOGA

MOGA SOGA
MOGA

SOGA

DC-Scheme

MOGA SOGA
SOGA

SOGA
MOGA

173



（　  ）48

廣 安 知 之・西 岡 雅 史・三 木 光 範

MOGA fi SOGA
SOGA

MOGA fi 1 1

Fig. 7

f1(x)

f2(x)

Migrate

MOGA

SOGA(f1)

SOGA(f2)

f2(x) f2(x)

f1(x) f1(x)
Fig. 7. Migration in DC-Scheme.

Nadjust

MOGA
fi(i = 1, 2, . . . , k) Mi fi

SOGA Si

• Mi Si

SOGA Nadjust MOGA
MOGA

• Mi Si

MOGA Nadjust SOGA
SOGA

4.1.3

GA

DC-Scheme MOGA
GA

1

SOGA

4.1.4

k DC-Scheme
N

Step 1 N

Step 2 MOGA k

SOGA
MOGA : SOGA = 2 : 1

MOGA 2N(k+2)−1

SOGA N(k+2)−1

Step 3 MOGA GA
SOGA

GA

Step 4

Step 5-1 MOGA SOGA

Step 5-2 MOGA SOGA

Step 6 Step 3

4.1.5 DC-Scheme

DC-Scheme GA

GA 7)

DC-Scheme SOGA

174



（　  ）49

多目的遺伝的アルゴリズムのための分散協力型スキームの検討

GA

1

SOGA
1

4.2 mDC-Scheme

DC-Scheme

DC-Scheme
DC-Scheme

modified DC-Scheme mDC-Scheme
mDC-Scheme DC-Scheme
SOGA

4.2.1 SOGA

MOGA

SOGA

Fig. 8 DC-Scheme mDC-
Scheme SOGA

SOGA

2

1.
2.

i j 2

i j

f1(x)

f2(x)

Pareto optimal
front

SOGA(f1)

SOGA(f2)

(a) DC-Scheme (b) mDC-Scheme
f1(x)

f2(x)

Pareto optimal
front

SOGA(f1)

SOGA(f2)

Fig. 8. Concept of SOGA Search in DC-Scheme
and mDC-Scheme.

1. i j

2. i j SOGA

i j

4.2.2

DC-Scheme MOGA SOGA
fi

mDC-Scheme SOGA

mDC-Scheme SOGA

MOGA k

k

mDC-Scheme
Fig. 9

4.2.3

mDC-Scheme
k

Step 1 N

Step 2 MOGA k

SOGA
(k + 1)/N

Step 3 MOGA GA
SOGA

GA

175



（　  ）50

廣 安 知 之・西 岡 雅 史・三 木 光 範

f1(x)

f2(x)

Migrate

MOGA

SOGA(f1)

SOGA(f2)

f2(x) f2(x)

f1(x) f1(x)
Fig. 9. Migration in mDC-Scheme.
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Fig. 10. Concept of RNI.
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Fig. 11. Concept of Spread.

5.4

Table 1

Table 1. Parameter Settings.

Test Problem KUR KP750-2

Population Size 120 250

Maximum Generations 150, 300 500, 1000

Crossover Method 2 point crossover

Crossover Rate 1.0

Mutation Method bit flip

Mutation Rate 1/chromosome length

mDC-Scheme DC-Scheme
mDC-Scheme / DC-Scheme

1/ 25
mDC-Scheme DC-Scheme SOGA

DGA Table 2

Table 2. DGA Parameter Settings.

Sub Population Size 10

Selection Method tournament selection

Tournament Size 4

Migration Topology random ring

Migration Rate 0.5

Migration Interval 5

5.5

KUR KP750-2 30
Fig. 12 Fig. 15
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Fig. 12. Search Results of KUR (150 generations)
in 30 trials.
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Fig. 13. Search Results of KUR (300 generations)
in 30 trials.
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Fig. 14. Search Results of KP750-2 (500 genera-
tions) in 30 trials.
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Fig. 15. Search Results of KP750-2 (1000 genera-
tions) in 30 trials.
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