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ABSTRACT

In optimization problems, computationally intensive or expensive simulations hinder the use of standard
optimization techniques because the computational expense is too heavy to implement them at each iteration of
the optimization algorithm. Therefore, those expensive simulations are often replaced with approximation models
which can be evaluated nearly free. However, because of the limited accuracy of the approximation models, it
is practically impossible to find an exact optimal point of the original problem. Significant efforts have been
made to overcome this problem. The approximation models are sequentially updated during the iterative
optimization process such that interesting design points are included. The interesting points have a strong
influence on making the approximation mode! capture an overall trend of the original function or improving
the accuracy of the approximation in the vicinity of a minimizer. They are successively determined at each
iteration by utilizing the predictive ability of the approximation model. This paper will focuses on those

approaches and introduces various approximation methods.
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Optimum based Surrogate Management Framework
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3. Two-bar Truss Example(7]

31 =X Hof
Find
e Tube Diameter, D e Height of the truss, H
Satisfy
¢ Constraints:
Buckling Constraint :

_PB " AED+ T
8D ="y 8B+ H)

Stress Constraint :
2y 1/2
B +H)"

D) ="~ %
® Bounds:
0.5 in.< D <5.0 in. , 5.0 in.< H <50 in, Fig. 3. Two-Bar Truss Example

Minimize Weight, Wx)=2pxDT(B*+ H)'?

32 =3 #=z}
F A z2Ags EAHgs Zzbo dia) Kriging, Response Surface Method(RSM), Local Regression

Method(LRM), Neural Network(NN)S o83 ZAIRdE T3tk F 12 v ZA|YS 7utez &q
B AT AAF Optimum based SMF (OSMF) 239} Sequential Linear Programming (SLP)& o] &
g HAs}, a2 3[4l AAE SMFS] ZAE7 Hwsta k.

Table 1. Results of two-member frame example

Evaluation # D H £,/10000.0 £:/10000.0 Weight
Exact Optimum - 2470 30.150 -6.5030 -0.0007 19.802
OSMF with Kriging 14 2.459 30.406 -6.2903 -0.0000 19.802
OSMF with RSM 20 2.495 30.021 -6.9093 -0.0576 19.992
OSMF with LRM 18 2.490 30.054 -6.7841 -0.0392 19.930
OSMF with NN 22 2.465 30.356 -6.3707 -0.0079 19.828
SLP without Approx. 56 2474 30.039 -6.5946 -0.0005 19.802
SMF with Kriging{4) 66 2.469 30.268 -6.4498 ~-0.0093 19.832
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OSMF with Original Constraints ¢ WEd W A7k gt 53 HHseMe

2 2y Y€ 99e BAHY W) dEel ol W
=2 e o fEde o AZ Aot 39 55 JHselH 2

Fab e Newrst Newor AR Folo] weh ZAFHHH] oA Wil
% /_”—.;‘..Opﬁmumvrzlume 2 Aurez mud SRelh 29 59 (@5 Be
g e Tt AR DAY MBS S MAFR)
H ol B o AP golad wA e IA

®

g =0 B2 ZAEE3 AL 2old
] wme Am3y ag4E 29 £ 9¢ Rolt 7z 4
Boom 2 gg 2o glo] $8% WslE RAle] wRo) 0o

Number of function evaluations
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Fig. 4. Comparison of convergence history of
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Fig. 5. Effect of mapping original data to new ones
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Fig. 6 Original constraint Fig 8. Kriging model Fig. 9. Transformed form  Fig. 10 Kriging model
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g7 - dwmmvame| s | 5.Two-Member Frame Example(7]
£ 51 28 #o|
5 $HAS =29 A
9238 A
) : = FAszue] o
10 12 14 16 18 20 2
Number of function evaluations E]- Case IIL}. Case T x T v
2 7Rt oAl 7t ] B :
Fig. 7. Compari59n of convergence history of A ZAIRDS os . l
different models with transformed constraints o Zazd w7l ]
We Hes Br)2 ax) B4 Je ud o Fig. 11. Two-Member Frame
Find
e Frame width, d ®Frame height, /# ®Frame wall thickness, ¢
Satisfy
e Constraints:
(+3HY < 40,000 , (B+3A)Y < 40,000
Case | Case Il
g1(x)=(A+35"%/40,000-1.0 < 0 Z1(0)=In[(#+35"]— 1n40,000 < 0
£(x)=(d3+3)2/40,000—-1.0 < 0 £ 2(x)=In[(d%+3%) Y4~ 1n40,000 < 0
® Bounds:
2.5 in.< d <10 in. 2.5 in.< h <10 in. 0.1 in.< t <1.0 in.

Minimize Volume, V = 2L(2dt + 2ht —48)

52 =8 &=

a9 12, 13, 14, 158 Hx 1549 HEYS MEste 7] SARLE 75 F AL ZAIRDEA
Kriging, RSM, LRM, Neural Network& AMHE3l9 & 2%, & #ERA4A AMEA F7HHe 2RPES 2
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++O - Constraint violaions of Case | ++O- - Constraint violations of Case | L o8
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2 @ Objective value § € o0 @ Objective valus s
3 00 o ‘with one approximation L og 8 32 with one approximation 06 8
= : —é~ Objactive values of Case || | & ~~e-~ Objective values of Case I} 3
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2 703814 - ——— T T E 3 7038~ ——— e == o, E
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& s00} -: 5 500 S
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I 4
Lo
F T O S OO 00 B R 0.0
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Number of function evaluations

16 18 20 22 24 26 28 30 32 34 I 38 40 42
Number of function evaluations

. 12 Convergence history of OSMF with Kriging  Fig. 13 Convergence history of OSMF with RSM

Fig
Optimum based SMF with LRM Optimum based SMF with NN
1500 — — 10 1500 10
HES et gb:":;ﬁva valussofCase | T o Chse
. {-0-- Constraint violations of Case int violation wif
O Constraint violation with 08 ° Constaint vctaon Wt I os
Do one approximation @ Objective value
'3 ;.| @ Objective value = 0 Wwith one approximation c
S 1000} I ‘with one approximation 2 2 1000 —&— Objective values of Case il 2
® ;| —e— Objective values of Case I} 08 § 5 ++4:+ Constraint violations of Case I [o¢s
> i i[--a-- Constraint violations of Case 2 > ° \ 8
L3 - o -
2 703.81— ——! £ 2 7038 [~ . ; . f—_— c £
5 08 04 3 g [ 04§
) 2 ) 500 ; g H
5§ ™ Fo o
o ki L 02 S ° Q b o2 8
X ‘ S .'«140 © [ [
50 h A e AA B0 0er 0 BuO e b 00 0000 6600 | 00
0 - v 0 : —
16 18 20 22 24 26 28 30 32 34 36 38 40 42 16 18 20 22 24 26 26 30 32 34 36 38 40 42 44 46 48 50 52
Number of function evaluations Number of function evaluations
Fig 14. Convergence history of OSMF with LRM Fig. 15 Convergence history of OSMF with NN
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Table 2. Results of two-member frame example with Kriging

Eval. # d h t &1 & volume | Elapsed time(sec)
Exact Optimum - 7798 10000 0100 0.00002 -0.7064 703.82 -
SLP 49 7834 9993 0100 -3.526e-3 -0.7068 705.33 0.06
Case | OSMF-Kriging 21 7.785 10.000 0.100 2.680e~-3 -0.7059 702.60 111
Case Il OSMF—Kriging 19 7.810  10.000 0.100 7.90e-4 -1.2241 702.99 46
Case | OSMF-RSM 21 9559 8644  0.1000 6.47e-3 -0.6548 719.35 1.050
Case Il OSMF-RSM 20 9.040 9.012  0.1000 4.98e-3 -1.105 713.29 0.940
Case | OSMF-LRM 38 7.786 10000 0.1000 2.34e-3 -0.7060 702.69 77
Case Il OSMF-L.RM 28 7.795 1000  0.1000 1.93e-3 -1.224 702.67 47
Case | OSMF-NN 51 7.821 10000 0.1000 -2.2%-3 -0.7067 704.84 159
Case Il OSMF-NN 20 8.451 9.61 0.1000 -1.70e-2 -1.185 714.49 i4

Table 3. Results of two-member frame example with Hilbert spacefilling curve

Eval. # d h t 2 £ volume | Elapsed time(sec)
Exact Optimum - 7.798 10.000 0.1000 0.0000 -0.7064 703.82 -
Case | OSMF-Hilbert 8 7.023 8.928 0.1429 -0.1179 -1.3434 895.24 49
Case || OSMF-Hilbert 8 9.047 9.047 0.2143 -0.5163 -0.8418 1514.29 50

Optimum based SMF with Hilbert SCM and Kriging Optimum based SMF with only Kriging
1500 10 1500 = 1.0
— —e— Objective vatues of Casa |
T e e e el <0 Constraint violations of Case |
—o— Objsctive values of Case Il 08 o~ Objective values of Cass Il 08
..a. Constraint viclations of Case Il " - -a- Constraint violations of Case Il
”n [ 2 s
o 4
3 | o6 2 08 §
G4 s 3 °
> > [ E
£ £ 3 4 04§
Z - 04 5 ° [
7] £ H &
2 2 = g
a2 (o)
A 2 Q
o San 028 02
T a B
B i
SO SR Ot e ey ibee et R 001010100 @uurBei0es 0 s '+ 0o
o .
o . . .
N o P e o - 2 8 10 2 14 16 18 20

No of Sampling Points No of Sampling Polints

Fig. 17
Kriging

Fig. 16 Convergence history of OSMF with HSCM & Convergence history OSMF with only
Kriging
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Regression Method, Response Surface Method, Neural Network, Hilbert Spacefilling Curve Method3 &£
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