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A NOVEL METHOD FOR REFINING A META-MODEL BY PARETO FRONTIER

SJ. Jo! S.H. Chae' and K.J. Yee™

Although optimization by sequentially refining metamodels is known to be computationally very efficient, the
metamodel that can be used for this purpose is limited to Kriging method due to the difficulties related with sample
points selections. The present study suggests a novel method for sequentially refining metamodels using Pareto
Frontiers, which can be used independent of the type of metamodels. It is shown from the examples that the present
method yields more accurate metamodels compared with full-factorial optimization and also guarantees global
optimum irrespective of the initial conditions. Finally, in order to prove the generality of the present method, it is
applied to a 2D transonic airfoil optimization problem, and the successful design results are obtained.
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& JPla s e mel 0dn R g wwe g GO GF PSS A acl Ramee A
Foll Qo AT £ Qe BAol g3 §e 2 gy, @ FPUD)E THIE AFE T,
T 2 =FoA AAsL s Wl A9 A4S RgE
& Aol gl oprgieh 41 dAH 2R Eo
7 dAlo| el BE HA5} caseo] Thal HEF BRI AR °J3e] ¥4} oli= PARSEC[15] & o531t} PARSEC
SHA s 99 1%olUle] APH Hrte g HAZE 2 oY Yus -k WS E 7bsd A fA84A
Zhe 4 it 1004, 512709) AR Hd SaEES M= cheret Jelo] 49E ﬁﬁdﬁe‘ T YEE vEozl Wy
TE HAste AN 49 F 5120000 APl o o= Y Rl AEHE WS Fig 7 7 A
7V de i ey WER DS ARSS B =T w7 el AT HlaL V)50 = RAE282E
#1520l Hh 533%ad] AW Wrwtow HHghe 2 FAT 5 9l ofFe] wol= @il §lEs AAsgld
ofjo] e} RdS AREet HA skl §84S 1T < 9 =R AE 2ol BES e Yt st AZ,
Ak 00 FAth w/WSg W)= Table 49 2t
Tgh A HA AA(B-1)E B3 FEE ZEEF o A AeF 272 832 g<(penalty function) FE]Z A
A AHa BAlo] Qo AN TS Aeshe AAG A1Fe]  sddrh J1E AN Holyk AolwES 7 BAFSe|
2 5 9SS st = A, Al WA #(3-1-3) 5 Sl Ao 2A 7] HAA Hojue REHES A5 14
m el glo] We S ERAS BRR SHE it ol AdsYA e F AES sk
v AL IRIE # JSTh F HA oA T B =elA]
At g s el el A% A4S BT 42 Mz Ao
TS AAT S A, Z7) BRS04 3 4 dugEe A7 512
e AollA= SHE fdolE BES 2449 dS5E 98 Ag: 7002 MRS A2 AAskth & 233 wek
(2D transonic airfoil) Aol #|-g-sto] o] el Al Aol 2d YN F RS 2008 AHgEle] sEE daE o
A AE 5 Aol dald dobaa g % % 99tk
Table 4 Parameter range of search region
rE Zrg Qrp B Xup Zyp | Zyxor| Xro Z1o Zxx10
tgu""neg 0.001 -0.01 -15° 05° 0.4 0.04 0.8 0.25 -0.08 0.2
gopup:(g 0.015 0.01 -1 10° 0.55 0.1 0.2 0.45 -0.04 1.0
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Table 5 Comparison of aerodynamic performance

CL CD L/D Area
RAE2822 0.7798 0.01623 48.05 0.0777
Design 0.8201 0.01358 60.39 0.0772
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