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= Pure & hybrid evolutionary-based optimizers
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= Rough set theory
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= Biomimetics-based aircraft design
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PSO/GA hybrid method

Multi-Objective Particle Swarm Optimization

PSO(1995)

BORGEOBNOBEEET
BEAIFGE, BESIL, TOBANER RO A LS gl
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MO-PSO(2005)

Pareto e (2 & D<Gbest®ER
EF(ERLEICHL)DEA

Adaptive Range Multi-Objective Genetic Algorithm(2000)
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KB-RSM(Kriging-Based Response Surface Method)
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S8R AT (ANOVA; Analysis of Variance)
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Pure & Hybrid evolutionary-based optimizers
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Genetic Algorithm (GA)
Differential Evolution (DE)
Particle Swarm Optimization (PSO)
& their hybrid methods

@& Hybrid?

EEFEE

[1] Tugar, T. a dFlpgﬂ"Eim—Géﬁﬁﬂ

Differenti al Evolution Ver rsus Ge 1etic Algo ithms in Multi obJect ve Optimization.

Evolutionary Multicriter

CFEIREAN DR E
1 F ;& D 8

= (evo-devo)gF 18
RIMFEELEEZONTE-ELEZRNEAREDTE

n Optimiz n 2007, Lecture Note in Computer Sci

ce 4403, Springer

. 2007, pp.257 — 271.
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GA

DE

PSO

Hybrid manner
MR e 1R

Convergence metric (U 3R EE & RS 25)

Cover rate (& =)

Hypervolume (ZER & H =)
T AR

DTLZ3 without noise

ZDT1 with/without noise

TNK with noise
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Differential Evolution (DE)

Storn, R. and Price, K.,
“Differenctial Evolution - A Simple
and Efficient Heuristic for Global
Optimization over Continuous
Spaces,” Jounal of Global
Optimization, Vol.11, 1997,
pp.341-359.

HERNRELEFIE
GALLEL 7 LY X LOE B

Mutation

X NP Parameter vectors from generation G
© Mutated parameter vector v; .,

;F{ETEJE - E.I'E.G:I

Ui, G+1 — Lbest,G + F - ('CCTl,G =+ Lro G — Lry, G — 'CCT’4,G)
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Particle Swarm Optimization (PSQ)

N _—
X0 _er{p,(n-X,0}

wV.(1) -O- P, (1)
Vi) cr{ () - X,(1)}
y
O
X, (t+1) P (1)
1A
g+ = () 4 ) (t+D) N

v = ol 4 ey (P — 2) + cora (G, — 2D)

PSO; Particle Swarm Optimization
19954E12]. KennedylZ&YIRE.
Kennedy, J. and Eberhart, R., “Particle Swarm Optimization,” Proceedings of the 4 IEEE International Conference on
Neural Networks, 1995, pp.1942-1948.
SEPRALGEDHNDEEZZIET.
BFEERIME ERERIML, TOEANRBROBEESEEZEBL-MEZRIE
EARTREROBEEEZRLI-IGHZHE
MO-PSO; Multi-Objective PSO
Pareto3Z fic [ & D {GbestM &R

Alvarez-Banitez,J., Everson, R., Fieldsend, J., "A MOPSO Algorithm Based Exclusively on Pareto Dominance Concepts,”
Proceedings of the Third International Conference on Evolutionary Multi-Criterion Optimization, 2005, pp.459-473.

EE (RRER)
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Convergence metric(4X zE b & B %h)
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= DTLZ3

Minimize :
Minimize :
Minimize :

subject to :

TRIE#C 1/3 /1 XL

f1(Z) = cos (g:cl) cos (gxg) (1+ g(2))

f2(Z) = cos (gazl) sin (gxg) (1+ g(2))

fa(@) = sin (F2) (1 + 9(7))

g(%) =100 |k + Zk:{(:ci —0.5)? — cos(20m(z; — 0.5))}




TFRFEH 2/3 /A XELEFY
m /DT1

Mmmmize: f(x) = x;

g(x)
1 K
subjectto: g(x)=1+9- —— > xq.
‘ K-1i5

0<xz <1, £=12,---.K. K=30.

g(x)=1TParetomMm&EoNns. .

Pareto®E (X hE TRIMND. os\\

\\_
T T T T g
0.2

R ._21_.
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TRXRE# 3/3 /1 XFY

m TNK

Minimize: f1(x) = x;
Minimize: fi(x) = x;

subject to:  ci(x) = :rf + .ri - 1-0.1 CDS(

X

16 arctan —
X1

cr(x) = (x; = 0.5)* + (x — 0.5 < 0.5
0<x;<m i=1,2.

Hll #9 A EIT AT HEE:

AERE
ParetoE IR TRED. |

(Q\N
Vi

K

fl
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Convergence metric

800

700
600 E

500
400

300

200

100

" " 1 " 1 "
0 50 100 150 200

srflAa R - DTLZ3 -

DTLZ3

T T T

—_— GA
— DE
\ — PSO
Q —— hGAPSO
\ = hDEPSO

N —— hGADE

D —— hGADEPSO

Generation
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Convergence metric

ZDT1

PR - ZDT1 -

T T T

—_ GA

= DE

= PSO

== hGAPSO
= hDEPSO
—— hGADE
= NGADEPSO

" 1
50 100

Generation

1 "
150 200

Cover rate

ZDT1
0.40 T
I — GA
0.35 | —DE
L — P SO
0.30 | = NGAPSO
L =— hDEPSO
0.25 | — hGADE
3 =— hGADEPSO
0.20 n
0.15
0.10
0.05
0.00 ! I
0 100 150 200
Generation
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Convergence metric

0.1

SEF#EEE - ZDT1 with noise -

ZDT1 with noise

T

—_— GA
- DE
= PSO
= NGAPSO
= hDEPSO
- hGADE

= NGADEPSO

Generation

200

Cover rate

ZDT1 with noise | == GA

0.004 . . : DE

=— PSO

= hGAPSO

= hDEPSO
0.003 |- — hGADE

= hGADEPSO |
0.002 | i
0.001 i
0.000 L L

0 50 100 150 200

Generation
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Convergence metric

SE#AZE - TNK with noise -

[ D
TNK with noise

0.055 oA . . r
0.050 | DE :
0.040 m—— NGAPSO

— hDEPSO
0.035 | ——hGADE
0.030 — NGADEPSO
0.025
0.020
0.015 . . . . ]

0 50 100 150 200

Generation
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Rough set theory



F—RIL=221/3 ANOVA

7.26% 4-7%

mma3s N on surrogate model

3'8"/; 550, BN dv9-38

oo o B d 3 . .

e == due to the design variable
3.03%

1.02% [ dv35-38 .

$28% [ Javaas) - data

P dv3s

[

I others

— 1P dedao - - - dor.

70.1% 15.7% B dv2
® vdaridiice uue LW d Ve I —
., Edvar

3.04% B vl

RE
3.04% L_1dv7

~ 2 " 2
3. :/[,uu; (za)]"dzi 1599,

= The proportion of de —
&2. B dv33
P = a_;% B others

total

/{ 16.2%
= 30.5%
/"'/[g(m19$29° -30 -




F—RIAL=202/3 SOM

O l :
» JRRVIZKBREIEETIL
I4—FIA—T—FEDZ2—F LRI ETIL e (! ) | e

HENELZE DT LIV L
" BRRUT—HAO2RITIVT

J_.%O)F“1‘EJ<5EE#4E(:L 1) EEEE) D (v h [X]
T—3DIZRR) T
= Tradeoffw[fR1t

2 ob'!ectives
Minimization problem-

0.00 0.03 005 003 011 014 D16 019 022 024

Projection
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T—RV1=203/3 RST

Rough Set Theory (S7& &)
Pawlaki= &Y 122(1982)
REETRICIGH

AR

FIE
F—2DYER
4 #8(Classification)
SOM
k-means method (with silhouette)

Bt #41k (Discretization)
Boolean reasoning algorithm
Entropy/Minimum Description Length(MDL) algorithm
Equal frequency binning
Naive algorithm
Semi-naive algorithm
#EHI(Reduct)
Genetic algorithm
Johnson’s algorithm
Holte’s 1R rule

IL—ILDERK
2ol UM

-32-



Problem Definition 1/2

Design Variables

dvl
Diameter: /) [inch]

dv2
Height: H [inch]

Objective Functions

of1
Profit per a can: P¢[-]

2 D
pe = 1.7x 7D?H — 0.02 x (%DzH) —0.1x 7D (H + _)

2
of2
Profit per unit volume of juice: Po[-]
po = Pc
“p2H

4
-33-



Problem Definition 2/2

Constraints

Diameter
1.5 < Dlin.] < 3.5

Volume 2
0.0 < WTH[in.B] < 27.0

Aspect ratio

13 < 211 <30
3< o[- <3.

-34 -
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P : profit per unit volume [-]

o

<
o

H #9553 2 /57

T T 1
1.25F g cluster 1
: : ] [ cluster 2
. L o _ I : cluster 3
1.20 cluster 4
. - i | 3 o cluster 5
AL S . . ] = [
o | : : :
= L : : :
S [
Fr—g A - g i | | | |
@ Feasible region Qg 105
@ volume <9.0 : \ \ s [
| volume > 27.0 - =°1.00 L
HD <13 : [
> H/D>3.0 095 |
5 10 15 20 25 30 12 15 18 21 24

p,: profit per a can [-] p,: profit per a can [-]



RSTTiFor/=rules 1/5

Discretization: equal frequency binning
Reduct: GA

Cluster 1 dvl < 2.07 A dv2 < 4.02
Cluster 2 2.07 < dvl < 2.33 A dv2 < 4.02
Cluster 3 2.07 <dvl <233 A 4.02<dv2 < 4.84
Cluster 4 2.07 <dvl < 2.33 A 4.84 < dv2
Cluster 5 2.33 < dvl A 4.84 < dv2

Discretization: equal frequency binning
Reduct: Holte’s 1R rules

Cluster 1 dvl < 2.07 A dv2 < 4.02
Cluster 2 dvl < 2.07 A dv2 < 4.02
Cluster 3 2.07 < dvl < 2.33 A 4.84 <dv2
Cluster 4 2.33 < dvl A 4.84 < dv2
Cluster 5 2.33 < dvl A 4.84 < dv2 - 36 -




H BIE#ZEF] N~ Druletk 721/5

= Discretization: equal frequency binning
= Reduct: GA

114 T 108 T -
cluster T I chuster 4 | @ clusters
L. s gddressed data H o addressed data ! @ addressed data
—— 11z o i3 J p—
_ L. )
- = 14
£ . £ ¢
E ] E
2 g1 = 2
g g g £
; ; 1. 5 E
& £ ey
& & 1 1 % i
£ o £
. = =
i Ll J g !
i i i i
| 114 L 1.0 ol Py e 02 094 L
1.0 5120 125 130 140 145 140 145 150 155 160 165 170 1 175 180 185 190 195 200 205 05 20 215 22 25 B0 ] 230 235 240 M5 150 255 26D 265
p; profit per a can [-] p,; profit per a can [-] P profit per a can [-] p,: profit per s can [-] #,; profit per a can [-]

= Discretization: equal frequency binning
= Reduct: Holte's 1R rules

1.26 123 T * 114 108
@ cluster 1 I o eluster 2 L1s i cluster 3 ) I cluster 4 1 @ clusters
125 o addressed data . | @ addressed dat : i |2 nddeessed data | & addressed data | o addressed data
’ 102 e
T 116
[ L
=
SRR LY m— g
5 g >
= £ 112 o
= 117 4 & .
: s g 1
£ b -
L6 o A T L
= ,,}f",‘/; = L0 i 8 1] :
s T = | Al
i i 1 1
L14 1.08 . . - 102 ; 0.94 i i
1.0 115 120 125 130 135 140 145 140 145 150 155 160 165 180 185 190 195 200 303 05 20 205 20 25 B0 235 230 235 240 245 250 255 260 265
P profit per a can [-] p: profit per a can [] p,; profit per & can [-] P, profit per a can [-] P, profit per a can [-]
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RSTTiFor/=rules 2/5

Discretization: boolean reasoning algorithm
Reduct GA

Cl
Cl
Cl
Cl

Cluster
uster

uster 3 1.99 < dvl <

uster 2.19 < dvl <

uster

1
2

4

dvl < 1.99
dvl < 1.99
2.19
2.41
2.41

2.19 < dvl <

A\
A
A
A

A\

dv2 < 3.80
442 < dv2 <!
4.42 < dv2 <!
442 < dv2 <!

5.20 < dv2

Dlscretlzatlon boolean reasoning algorlthm

?

Cl
C]
Cl

luster
Cluster
uster

uster
uster

l\_'}r—l

Sk w

Reduct: Holte’s 1R rules

dvl < 1.99

dvl < 1.99
1.99 < dvl < 2.19

2.41 < dvl

2.41 < dvl

> > > > >

dv2 < 3.80
dv2 < 3.80
442 < dv2 <5

5.20 < dv2
5.20 < dv2

(_Tl
l\_'}

(_T[
l\_'}

(_T{
l\J

20
.20
20

{)O

-38 -



» Reduct: GA

luster 1

cluster 2
addressed data
——

essed data

155 160 165

p.; profit per a can [-]

m Discretization:
= Reduct: Holte's

@ cluster 1
o addsessed data

@ cluster 2

o d et

p_: profit per unit volume [-]

1.0 115 120 125 130 150 155 16.0 16.5

P2 profit peracan [-] p: profit per a can [-]

114

g
3
g
5
2
e
129
o

Lo

1.08

oolean reasoning al
1R rules

118

= =

profit per unit volume [-]

r

110

1%.0 19.5

per a can [-]

20,0

0.5

I @ cluster 2
T | o addressed data
i
i
I
|
17.5 180 185 19.0 195 200 205

p,; profit per a can [-]

EH BIE#ZE R~ Druletk 722/5

m Discretization: boolean reasonin

g algorithm

114 T 108 -
i cluster 4 @ clusters
i @ addressed data @ addressed data
[y — 6 p—
= 1M
M
E
B L2
:5-.
e 10O

P

1.06

= 104

1.0z

5 200 215

220

P profit per a can (-]

i
2300 235 MO0 M5 1500 IS5 Ied

,

2 —
=

6.5

profit per a can []

@ clusters
@ addressed data

.5 21.0 215

220

P2 profit per a can [-]

240

4.5

P2 profit per acan [-]
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RSTTiFor/=rules 3/5

Discretization: entropy/MDL algorithm
Reduct: GA

Cluster 1 dvl < 2.05 A dv2 < 3.60

Cluster 2 dvl < 2.05 A 446 < dv2 < 4.68

Cluster 3 243 < dvl < 245 A dv2 < 3.60
Cluster 220 < dvl <245 A 4.46 < dv2 < 4.68
Cluster 5 2.77 < dvl

Discretization: entropy/MDL algorithm

Reduct: Holte’s 1R rules
Cluster 1 dvl < 2.05

Cluster 2 dvl < 2.05
Cluster 3 dvl < 2.05
Cluster 4 4.46 < dv2 < 4.68
Cluster 5 2.77 < dvl - 40 -
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B BIE L ZE A~ Druletk 72.3/5

= Discretization: entropy/MDL algorithm
= Reduct: GA

@ cluster |
@ pddressed data
—

1o

= Discretization: entropy/MDL algorithm
uct: Holte's

@ cluster [
o add

1 dats

p  profit per unit volume [-]

1o 115 120 125 130 135 14

P profit per a can [-]

23

1.23

addressed data

J

150 155 160 6.5

p.; profit per a can [-]

@ ¢

luster 2

@ addressed dats

B, profit per .

p: profit per & can [-]

P profit per unit volume |

cluster 3
addressed data

118 H (I

116 —

R S— -

17.5 180 155 1.0 19.5 20,0 0.5

P2 profit per a can [-]

1R rules

profit per unit velume [-]

L

@ cluster 3
118 | = add

ed daty

116

1.14

112

110

108

175 180 185 190 195

P, profit per a can |-

H
g
5

1.0z

=14

Loz

| 1.08 -
I ter 4 @ clusters
i @ ressed data @ addressed data
0 z
|- M
E
e
£
E
g
B
&
i
i
s 210 215 20 25 25 Ks

P profit per a can [-]

B

cluster 4

sddressed data
——

]

1.08

@ clusters
@ addressed data

0.5

210

215

220

P profit per & can [-]

P profit per a can [-]
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RSTTiFor/=rules 4/5

Discretization: naive algorithm
Reduct: GA

Cluster 1 dvl < 1.73
Cluster
Cluster
Cluster
Cluster

Discretization: naive algorithm

Reduct: Holte's 1R rules
Cluster 1 dvl < 1.73

Cluster 2 1.85 < dvl < 1.87
Cluster 3 1.99 < dvl < 2.01
Cluster 4 2.13 < dvl < 2.15
Cluster 5 2.77 < dvl
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= Discretization: naive algorithm
= Reduct: GA
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= Discretization: naive algorithm
Reduct: Holte’s 1R rules
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Discretization: semi-naive algorithm
Reduct: GA

Cluster 1 dvl < 1.85

Cluster 2 1.85 < dvl < 1.97
Cluster 3 2.11 < dvl < 2.25
Cluster 4 2.25 < dvl 3.84 < dv2 <
Cluster 5 2.25 < dvl 3.84 < dv2 <

Discretization: semi-naive algorithm
Reduct: Holte's 1R rules
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Cluster 1 84 < dv2 < 5.34
Cluster 2 3.84 < dv2 < 5.34
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Cluster 4 3.84 < dv2 < 5.34
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= Discretization: semi-naive algorithm
= Reduct: GA

1.26 T - 114 1.08
T T s cluster | 1 o cluster 2 s i @ cluster 3 1 cluster 4 ! o clusters
125 L i ; @ addressed data 1.22 ; 3 addressed data : N | piisssed 210 ! addressed data ! 3 addressed data
- i <4 iy . p——— 1.04 b

o 124 116 e = 4
P r
ERES= E

] 114 —md 2 Loz
EoL22b- 5
g g

I 5 100
: L1z | £

E oos
=110 L -

i 0.96

5 : !
118 L1 10 b Lo - - Loz 094
1.0 120 125 130 145 140 145 150 155 160 163 175 175 180 185190 195 200 205 0.5 210 215 220 125
p; peofit per a can [-] P, profit per a can ] P profit per a can [-] P, profit per & can [-] P profit

= Discretization: semi-naive algorith
= Reduct: Holte's 1R rule
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