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F(X) - or (¢D)]
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The gradient-based method,
GM [1] Simulated Annealing, SA [2]
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2.1 The gradient-based method, GM

Hill-climbing strategy

[1]
X% =X +¢-S° (4)
X S o q
1
1 S
2. (o
3.
S
S F(X) VF(X)
S=VF(X) S=-VF(X)
Feasible
Directions Method [1]
F(X) - )
9:(X) <0 (6)
X = (Xq, Xp) (7)
g:(X) Xt



Start

Pick search
direction, SY

Perform
one-dimensional

search

X4 X9 4 g -50

No Yes
Exit |

1
1. x1! vE(Xh), vg,(x1)
2 2 S
VE(X1)-5>0 (8)
Vg (X1)-S<0 9)
(8) Usable sector Usable
direction  (9) Feasible sector Feasible direction
2 (9) S (8)
S F(X) S
Usable-feasible direction
a
(o 4) X
S (o'¢ X



Usable

sector )
- Usable-feasible

sector

F(X) = const

"’///

0 » X1
2 Usable-feasible S
F(X%+a-S% =F(a) - (10)
91 (X +a-S%) =g;(a) <0 (11)
[1]
3
Xusr Xpy X1, X2 (X1 <X3)
)
(2)
(3)Kuhn-Tucker
) (2)

£ (12) (13)



Start

v

Given: [X,,xy]l, Fy, Fy

v

[Golden section ratio; 7 < (v5-1)/2 ]

Small number: e>0

X1 < Xf + T(Xu - Xg), F]_ <« F(Xl)
Xo «— Xy —7(Xy —Xy), Fy < F(x5)

v

>‘xu—x4<g &;‘ Exit

No

Yes @ No

Xp X1, Fp < FH Xy < X9, Fy <« F
X1 < X9, Fp < F Xp < X1, Fp <« F
Xo < Xy — 7(Xy — Xy) X1 < Xy +7(Xy — Xp)
Fy < F(Xy) F <« F(xq)

1 1

‘F(Xq) - F(Xq‘l)‘ <é¢ (12)
FOX®) - F(x™)
<

maxHF(Xq)‘, 10107~ € (13)

F(X%) VE(X%) <¢
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2.2 Simulated Annealing, SA
SA
T I
J E;
AE <0 J

—AE
Prob(AE) = exp| ——
(AE) p(ij

] [2]
SA
SA X’ AXE
(14) X9
4 SA
SA

SA

(14)

(14)

(4)

AE=E; -E;
AE >0

(14)
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q<1
Initial State: X4

Initial Temperature:Tq)

v

q < g+l [ Set new state

g

~

P X' =XT+AX
(Near X%)

([ Compute
AE = E(X") - E(XY)
L E:Objective Function )

v

.

N

X4+t « X' (Probability: Prob(AE))
X9+t « X9 (Probability:1- Prob(AE))
Cooling: T4t « T4

v

No Yes

Convergence ?

4 SA

Downhill Simplex

AX"
Downhill Simplex

Downhill Simplex
simplex N

5 2

Downhill Simplex simplex

Exit

N +1

simplex
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uphill
uphill Downhill Simplex
simplex X%+ AXE
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SA

downhill

SA
simplex
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2.3 Genetic Algorithm, GA

“ Population
Individual ~~
“ Mutation ~~
7 GA
GA

SA

(14)
SA  GA

GA

GA

GA

GA

GA
[3]

Selection ** “* Crossover

“ Chromosome ~~

8 SA
GA
8 Transition

GA
GA
GA
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Crossover
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9 GA
Encoding Decoding
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Evaluation
CFD
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Selection
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Crossover
GA
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Elite strategy
GA
2.4
SA GA
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4 NACA2412,
NACAG64:-412, NACAG5,-415, NACA64,A215
10

Y=aY +a,Y*+a,Y’+a,Y* (15)
a, ~a,
Yt~v* NACA2412, NACA641-412,
NACAG652-415, NACAG642A215 X
y
y
C, - (16)
t/c=0.15 (17)
-50<a, ~a, <50 (18)
(18)
[7]
@
)
50

NACA2412 NACAG64.-412

0.2
(16) (17)

NACAG4:A2]5

10

(a1, ap)

-50<ag, a, <50



(19)

(20)
F=C, (19)
Fon = C, -exp(~100 -]t / ¢ - 0.15])
(20)
11 (19) 12
(20)
11 2

NACA2412 NACAG4:-412

(21)

(1,0) (01

a1+a2 = —

NACAG4412
11
12%
15
12
a; =adp =50
120%

12

2z
NACAGG 412

12

(17)

(21)
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2.5
2
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Vanderpplats ADS [8]
ADS
Feasible Direction Method
4 1 0 4
4
(a;,ay,a3,a4)=(0,1,0,0) (a;,ay,a3,a4)=(0,0,10)
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Number of function evaluations

13 4



SA

4
SA
(al y a2 ’ a3 f a4) = (0,0,1,0)
GA
GA
0.65
65% 0.35 35%
14
4 1 8
(20)
Fi |
P
F
P=— (22)
I Fsum
N
Fsum = 'ZlFi (23)
i=
Coefficient 2.0
Parent 1 XN
Gene 1.3 0.7
Crossover
Gene -0.65 -0.35
Parent 2 SSM%
Coefficient -1.0
Offspring 1 Coefficient 0.95
Offspring 2 Coefficient 0.05

14
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CFD GA CFD

GA Genetic Programming (GP) Evolution Strategy (ES) Evolutionary
Programming (EP)
(Evolutionary Algorithms, EAS)
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3.1 MOGA

(24) X; X X
MOGA
[9]
( 15) t pi
X;
rank(x,, t)=1+ p}
1
15
MOGA
[3]
F(x;)
F(x;)

F’(Xi) = ZS(d(XIi,Xj))

[3]

fx,)=flx,)  (24)

15

F(x:)

(26)
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S(d) = 1- ( J O < Oshare (27)

O share
0 o2 O share
MOGA
GA
O share a O share
M; m [9]
q q
(MI —-m; + Gshare)_H(Ml —-m )
Nodl -1 = =0 (28)
O-share
N a 025
1) 2) 3)
GA
3.2
X, ¥
O<x<1 , O<y<1
x> +y®<1
X,y R

Childl = ranl1-Parentl + (1-ranl)-Parent2 + 2m-(ran2-0.5)
Child2 = (1-ranl)-Parentl + ranl-Parent2 + 2m-(ran2-0.5) (29)

Parent1,2 Child1,2 ranl,2 [0,1]

ranl [-0.5,1.5]
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25 NAL2

1
Aspect|C,(M0.9)|C,(M2.0)|Bending
Ratio (x10™ (x10")| Moment
A 2.19 30.36 67.08 19.70
1.89 34.38 66.52 18.89
C 1.77 38.90 66.97 17.87
NAL2nd| 2.20 39.73 67.00 18.31
Pareto NAL
A Solution| 2nd
Aspect
NAL 2nd va Ratio 1.82 2.20
_— % / Co(M0.9) 38.43 |39.73
—
Cp(M2.0)[64.61 |67.00
/ oending 18,17 |18.31
3 NALZ2
24 NAL 2
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NAL 2
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