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min £ (x)=0.785 4x1 x3(3.333x3+14.933x3—43.093 )—1.508 x1 (x& +x7)
+7.477(x6+x71)+0. 785 4(xs x6+ x5x7)
s.t. @=27/Caixixs)— 10 Axis 2 i
2=397.5/ (x1x3 x3)— 1<<0 —|l [N |-
@ =1.93xi/ (x2xé x3)— 10 | : |
g+ =1.93x3/ (x2x7 x3)— 120 s pa = 4
g =A1/B1—1 000<0 Il ?i\
g6:A2/Bz_850<0 Bearing group 2 Bearing group 1
g =xx3—40=0 B3 it s
g=x1/x2—12<0 Fig. 3 Gearbox structure
g9:_x1/x2+5<0
go=(1.5x6+1.9)/ x4 —1=0
gu=(1. Ix7+1.9)/ x5 — 120
: X1 ; x2(em) ;X3 ;x4 Cem )\ x5 (em) ;s x6 (cm ).
x7(cm) . : 2.6 x1<<3.6,0.3Tx2<C1.0, 17 x3<028, 7. 3 x+<8.3,
7 3 x5<.8.3, 2.9<Cx6=_3.9, 5 x7<5.5.
Ar=] (%)%16.% 10°0°°  Bi=0. 1xé
Ar=] (%)4157.% 10°1%°  B2=0.1x3
min  f1(x)=—1.508x1x6+7. 477x5 +0. 785 4xsxs
Difs.t. gu<<0, i=1,23 5782910 4)
X1 =[x1, X2, X35 X4» X6] '
min  f2(x)=—1.508x:x7 +7. 477x7 +0. 785 4xsx7
D2ls.t. g2<<0, i=1,246,7 80911 )
Xo =[x1, X2, X35 X5 x7]
min  f3(x)=0.785 4x1x3 (3.333x3+ 14.933x3—43. 093 4)
D3l s.t. gu<<0 i—1,2,7,.809 ©)
X3¥:[ X1, X2, X3] T
X =[x, x3, x3, x4, x8 x6, x7] '=[3.0,0.5,19,7.5.7.8,3.2.5.25]
. X1 =[3560.72,28,7.3,3.335] ", X2 =[3.
61,0.712,25.6,7.715,5.286] ', X5 =[ 3.5, 0.72, 17.01] ', ,
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gi<<0, i—=1,2.3,57.89,10
min Jo=(xi—z1 ¥+ G227+ (x3—z3)°
D2f s.t. fo=—1.508x1x71+7.477x3+0.785 4 x5x7 (8)
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Tab. 1 Optimization process and results
Interation coordinate intermediate results
Subject Variable Optimal solution
1 2 3 4
X 3.56 3.51 3.5 3.5 3.5
X2 0.72 0.7 0.7 0.7 0.7
D, X3 28 24.3 22.7 17. 103 17
X4 7.3 7.3 7.3 7.3 7.3
X6 3.335 3.340 3.342 3.349 3.349
X 3.6l 3.53 3.5 3.5 3.5
X2 0. 712 0.7 0.7 0.7 0.7
D, X3 25.6 22.4 17.256 17. 004 17
Xs 7. 715 7. 714 8 7.431 7.714 9 7. 715
X7 5. 286 5.285 5. 286 5.286 5. 286
X 3.5 3.5 3.5 3.5 3.5
D, X2 0.72 0.7 0.7 0.7 0.7
X3 17.01 17.001 17 17 17
z 3.65 3.51 3.5 3.5 3.5
System Layer 2 0. 712 0.7 0.7 0.7 0.7
73 24.33 2.3 17.001 17. 001 17
2
Tab.2  Optimization results and efficiency of geatbox
O ptimization X1 X2 X3 X4 Xs X6 X7 I Coordination  CPU ,limf?
number /(s ° time )
co 3.5 0.7 17 7.3 7.762 3.50 5321 302818538 34 70
CSSO 3.5 0.7 17 7.3 7.786  3.350 5.304 3 007.050 6 15 200

ANN M DO 3.5 0.7 17 7.3 7.715 3.349 5286 2997.170 5 5 100
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Research and application of multidisciplinary design optimization
based on artificial neural network response surface

ZHANGJin-hua, YUAN Si-cong, ZHANG Xiaozhong, GUO Hai-yan

(School of Mechanical and Electronic Engineering Xian Univ. of Arch. & Tech., Xian 710055, China)

Abstract On the basis of nomhierarchical multidisciplinary optimization algorithm, this paper proposed a new multidisci-
plinary design optimization based on the neural netw ork response surface CANN MDO), a two-level optimization architec-
ture. That is to say, the sub-discipline level only meet the local constraints and the objective is to get smallest difference
betw een local optimal solution and target program provided by system level. Meanwhile, the system level not only offers
some coordinating mechanism to guarantee agreement of all discipline level optimal solution, but also obtains discipline
level information by artificial neural network -based response surface approximation. Finally, a gearbox is adopted as an
example to verify the efficiency of ANN MDO algorithm, which compare the collaborative optimization (CO) with concur-
rent subspace optimization (CSSO).
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