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Abstract

Multi-objective optimization problems have several types of objective function. As
there is often a tradeoff relationship between objective functions, it is usually impossi-
ble to find a single optimal solution. In this case, one of the goals of multi-objective
optimization problems is to obtain Pareto optimal solutions, which are solutions with
objective values that cannot be simultaneously improved without degradation of at least
one other value. There have been many recent studies involving the adaptation of Ge-
netic Algorithms (GAs) to multi-objective optimization, as the GA search is performed by
multiple individuals and is capable of obtaining Pareto solutions in a single search. GAs
for multi-objective optimization are called Multi-objective Genetic Algorithms (MOGAsS).
Many MOGASs have been developed to derive Pareto optimal solutions. In multi-objective
optimization, it is desirable to obtain solutions of high quality with regard to accuracy,
uniformity, and broadness. While many MOGAs have mechanisms to improve accuracy
and uniformity of the solutions, there are few MOGAs capable of improving the broadness
of the solutions. Broadness of the solutions is decided by the optimal solutions of each ob-
jective, and is important for understanding the tradeoff relationships among the objectives.
This thesis presents a novel optimization method called Dual Procedures Multi-Objective
Genetic Algorithm (DPMOGA), which can derive broader solutions compared to conven-
tional MOGAs without deterioration of accuracy. The DPMOGA consists of two search
phases, because it is difficult to improve accuracy and broadness of the solutions simul-
taneously. The proposed algorithm has two phases. The reference point is utilized in the
first phase to improve accuracy of the search, and the SOGA search is adopted in the sec-
ond phase to improve broadness of the solutions. Numerical experiments were performed
using test problems to verify the effectiveness of DPMOGA. The results indicated that
higher-accuracy and broader solutions could be obtained by DPMOGA than conventional

methods.
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Table 4.1 ODOODOODOODO

Problem | Definition Variable
ZDT1 min  fi(z) = a1 € [0,1]
min fo(x)=g-h i=1,....n n=10
9=1+9 i)/ (n—1)
h=1-+/fi/g
ZDT2 as ZDT1, except h=1—(f1/9)* z;€[0,1] i=1,...,n n=10
ZDT3 as ZDT1, except h=1—+/fi/g— (f1/g)sin(107f1) | z; €[0,1] i=1,....,n n=10
ZDT4 as ZDT1, except ¢g=1+10(n —1)+ z1 € [0,1] [—5, 5]
(>, (z2 — 10cos(4mx;)) i=2,...,n n=10
ZDT6 min  fi(z) = 1 — exp(—4y; )sin®(67y;) [0,1]
min (:):):g i=1,...,n n=10
9=1+9((Ciy i)/ (n — 1))
h=1-(fi/9)
DTLZ3 | min fi(z) = (1+ g)TI " cos(zim/2) [0,1]
min  fp—2.n—1(x) = (14 9) (HfV:[Im cos(z;m/2)) i=1,...,n n=10
sin(zps—m+17/2)
min  fir = (1 + g)sin(z17/2)
g=100[(n — M+ 1)+ 3"\, ((z; — 0.5)%—
cos(207(z; — 0.5))) ]
KUR | min fi(@) = £ (<10exp (~02/22 + 22, ) ) € [-5,5]
min  fo(x) = Zf\; <|xi|0'8 + 5sin (xz)?’) i=1,...,n n=100
KP500-2 | max  fi(z) = Y00 ;X p ) gi(@) =30 a5 x w ;) < W;
KP750-2 1<i<k
4.2.1 0000 10 Inverted Generational Distance] IGDO

IGboOoooOoOOoOoOOOoOoOoooooooOooOoDODObOOObOOOoOoOoOoOoooOoOoOoIGD
gobobooobobooobooooboboboobooboboobobbooboobobooobobo
OO0000000DO0o0ODOO00OOO0bO00O00ooO0DOo0ooO0ooOoDOoOooOooooIGhDOO
000 Fig. 410000000 41)00000 (41)0000,NOODOOOOOODOOOOOOO
ooooooo. oo,quoboooboobooobboooboob«OO00obObOoOobbOOoboOoOo100
gboobobooboobooobooboobbooboon

IGbOOOOODOO0OOODOOO0OOODODOO0ODO0O0ODOO0ODO0OO0ODO0ODO0ODOODO KURO
Kp750-2000000000000C00ODOODOOOOOOODOOOODOODODOODOO GAOD
gbobodboboooboooobobobobobuobboboobobuooboboobobo

ugod
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Table 4.2 Reference Point of HyperVolume

7ZDT1,2,3,6 | ZDT4 | DTLZ3 | KUR KP500-2 KP750-2
(1,1) (1,10) | (20,20) | (—600,100) | (21000,21000) | (30000,30000)

4.3 0O0OOO0O0OOO

0000000000000 GAODODDOOO Table 430000Table 430000000000
OzZDTUODOODLOODOD DTLZ30 soo0000KUROODOOOODOOOODODO 100000000
O0DC-Scheme 000000000 DPMOGAOCOOOO DGADOOOCOCODOD Table 440000
OO0O0D0OO000O00DO0ObDO0O0DnD Table 450000

Table 4.3 GA parameters Table 4.4 DGA parameters
gooogo 120 oooooooo 10
googad 5000 1000 ooogad 1
good 2000 oood gooooooo
oo 1.0 goooogoon 4
goooog (goood goooga goooooo
googa 1/oooo oon 0.5
oo s

Table 4.5 Reference Point

ZDT1,2,4,6 | ZDT3 | DTLZ3 | KUR KP500-2 KP750-2
(0,0) (0,—1) | (0,0) | (=1000,—400) | (21000,21000) | (30000,30000)
44 0000

00D0O000dg300000bboouIlGbOSpreaddHyperVolume DO OO OOOODODO Table 4.6
OTable 480 0000000Table 460000 IGDOOOOOCODOOODOOODOOOODOOODOO
00000000 000000O0O0DOTable 4.70 Table 4.80 Spread 0 HyperVolume O OO OO OO
000000000000 Table 4.60 Table 480 0000000000000 O0OOO0ODOO0OO
O000000OTable 4700000000000000000 Spreed0000O000OOOODOO
ooood

Table 4.6 0000 IGDOODOOOOOODOONO DPMOGA O DC-Scheme 0 NSGA-II OO O
000000000000 00000000DO0000000000O00DODOO0OD0DbOOo0ODO00O0
ZDT30 ZDTe 0 OO 00D0ODODOOODOODPMOGADDODODODOODOODOODODODO
00000000000 DL00O0DbU0bO0bO0bOObOobOObOOTable4d60000000O00ODOO
DPMOGADOODDODOODOODOOODOODODOOOOOODODOODOODOOODODOO
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Table 4.6 Inverted Generational Distance

DPMOGA DC-Scheme NSGA-IT
mean S.D.| mean S.D. mean  S.D.
ZDT1 0.00 0.00 0.00 0.00 0.00 0.00
ZDT2 0.00 0.00 0.00 0.00 0.00 0.00
7ZDT3 0.00 0.00 0.00 0.00 0.00 0.00
7ZDT4 0.49 0.22 1.61  0.87 1.90 0.92
7ZDT6 0.00 0.00 0.00 0.00 0.00 0.00
DTLZ3 1.60 1.17 4.90  3.90 6.90 3.34
KUR 3.95 143 | 20.32 5.93 56.28  5.21
KP500-2 | 137.85 16.19 | 195.46 35.38 | 772.77 58.41
KP750-2 | 330.05 37.87 | 471.14 44.29 | 1528.95 76.10
Table 4.7 Spread
DPMOGA DC-Scheme NSGA-II
mean S.D. mean S.D. mean S.D.
ZDT1 2.00 0.00 2.00 0.00 2.00 0.00
ZDT2 2.00 0.00 2.00 0.00 2.00 0.00
ZDT3 2.43 0.00 2.43 0.00 2.43 0.00
7DT4 2.39 0.14 2.93 0.35 3.03 0.30
ZDT6 1.64 0.00 1.64 0.00 1.64 0.00
DTLZ3 5.20 2.35 11.80 7.80 15.80 6.70
KUR 695.43 9.17 682.04  15.30 321.20  23.06
KP500-2 | 5.62E403 190.36 | 4.97E+03 402.33 | 1.71E403 224.62
KP750-2 | 8.55E4+03 233.52 | 7.27E+03 344.26 | 2.16E4+03 257.57
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Table 4.8 HyperVolume

DPMOGA DC-Scheme NSGA-II

mean S.D. mean S.D. mean S.D.
ZDT1 0.66 0.00 0.66 0.00 0.66 0.00
ZDT2 0.33 0.00 0.33 0.00 0.33 0.00
ZDT3 0.69 0.00 0.69 0.00 0.69 0.00
7ZDT4 8.97 0.30 7.52 1.07 7.14 1.08
7ZDT6 0.32 0.00 0.32 0.00 0.32 0.00
DTLZ3 393.69 4.40 361.76 51.94 342.82 44.46
KUR 1.30E4-05 1.23E+403 | 1.18E4+05 3.93E+403 | 0.90E4+05 3.16E403
KP500-2 | 8.95E4+06 2.09E405 | 8.54E4+06 3.96E+405 | 5.50E4+06 2.60E+4-05
KP750-2 | 1.09E407 1.92E405 | 1.03E407 2.55E+405 | 0.64E4+07 2.70E4-05

Table 470000 Spread 000000 ODODDOCCO DPMOGAD ZzDTOOOOOOOO DTLZ3
bobobuoobobuogbobuooooboboobuobboboobobuooboboooboboo
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gboogbooobooboobooboobbobboobobooboloboboboobobon
gboogboooboob200b0o0oboobobbobobobboobobobooboobooon
0000 DPMOGA O DC-Scheme 00000000000 O0OOODDOODOOOCOO200000
gbobodboboooboobobuoboboboobobobobbobuooboboobobo
oobobOoobboOoboooooooDbbOobobO0o0bO0oUbDOoObDbOUO0ODOODOODOUdTable
4700000000000 bPMOGAODOODOOOODOOODOOOODDODOODODOOODOO

Table 4.80 HyperVolume DO O O0O0O0O00DOOOO DPMOGADOODOODOOODOOODOO
O000DO0O00bOo0o0obOo0oo0oDOO00OnIGDO Spread d 00O HpyerVolume 0 0 OO0
O000O0O0O0000000O0OooobpMOGACOCOCOOOOOODDODOOOOOOOOOOO
ooooOOO0OODOO000000000000000000ooooooooo0o00dOo DPMOGA
O DC-Scheme 00000000 GAOODODOOOOODODOOOODODODOOOODDOODOOO

0000000000 3000000000ZDT40DTLZ30KUROKP750-20 000 50%0 0O
00 Fig. 4400000000 50%0000000000050%000000000000000
O00000000Fig 44(d)0000000000O0O000O0ODOO0OOODOOOOOOODOOOO
googoooon

Fig. 440000000000000000 DPMOGA O DC-Scheme 0 NSGA-IIOOOOOO
gbobooobobbobooobobooboooobooobooobonoobooboooooooDog
vboboodbuobboboobobuooboobboboobuoobobooboobobobg
UO0O0O0OKURO KP70-20 0000000000000 OOOOOOOOOOOOOOOO

goobobobobooboboooooooooooooooOgogoUoKURObODODOooOoo
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