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Fig. 1 Flowchart of Monte Carlo method for importance analysis
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Fig. 2 Flowchart of approximate method for importance analysis
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Tab. 2 Computational results for example 1

e

74 50 EA4

I
I Springats

Hik MC TSL MLS MC TSL MLS MC TSL MLS

cc ™ 0. 5835 0. 5890 0. 5847 0. 6069 0.5925 0. 6004 0.6725 0. 6822 0.6736
T 0.5851 0.5873 0. 5871 0. 6077 0. 5836 0.6078 0.6782 0. 6855 0. 6789

5 ™" 0. 4076 0. 3981 0. 3989 0.4637 0.4613 0.4699 0. 4455 0. 4419 0. 4486
R 12 0. 4043 0.3990 0. 4021 0. 4645 0.4622 0.4612 0. 4412 0.4432 0. 4417
C 0.5657 0.5625 0.5419 0.5401 0. 5429 0.5433
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of three methods for example 1
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Tab.4 Computational results for example 2

- T o] A

Tk MC TSL MLS TSL MLS MC TSL MLS
i —0.0368 —0.0432 —0.0370 —0.0398 —0.0288 —0.0325 —0.0258 —0.0226 —0.0236
CcC Ha —0.8658 —0.8964 —0.8571 —0.8699 —0.9085 —0.8975 —0.8705 —0.9179 —0.8916
Up —0.0052 —0.0028 —0.0046 —0.0087 —0.0045 —0.0092 —0.0072 —0.0049 —0.0080

R 0.0476 0.0365 0.0477 0.0225 0. 0062 0.0186 0.0347 0.0126 0.0331

CR? My 0.9875 0.9952 0.9941 0.9781 0.9893 0. 9802 0. 9787 0.9912 0.9658

Up 0.0324 0.0230 0. 0295 0.0058 0. 0034 0.0052 0.0041 0.0019 0. 0035

C 0.5398 0.5362 0.5307 0.5294 0.5297 0.5337

7 & g 2 % Lk (References) :

B RSO T 32 % WA B A 1 (R B A A 1)
SR 0] R, AR SCHE SCHRL9 I 86 il | 8 e g A5
RIR AT 32 2 W AR 1 [] B A7 A6 55 0 T 32 0 A8 & 19
BRI R AR bR AT R — 2R T AL SRS K % I
AR BT 5 25 00 W e S S Bl B /N 3R T i R
B F & WA e IR A I O i — 2D T T4k
J AR 5 1) T B E D RE S AR R AR . IO
A B — AR 50T LA A 3l fe/ s — 4l
A A D 22 ] B e S OG FR L DT SR A AR OC R AL
CC M 2E L CR?, M ELF Monte Carlo J5 ¥ 1 =
JEAE R AN SCHRL9 ] e 30 A0 B 2P 73 B J7 125 19 BUZ A
BRI R A T IR A L 2
w U ERCE, . B T EARE T L AR
PRI A0 PR BT B2 i 3

[1] Castillo E,Minguez R, Castillo C. Sensitivity analysis
in optimization and reliability problems [ J]. Reliab
Eng Sys Saf:2008,93(12) :1788-1800.

[2] AKX BEH.E ¥ S3AABMATHRIETLH
R ELT] I F F,2012,29(3) :399-404.
(ZHOU Chang-cong , LU Zhen-zhou » WANG Qi.
Mode importance measures under multiple failure
modes and their solutions[]]. Chinese Jouwrnal of
Computational Mechanics,2012,29(3):399-404. (in
Chinese))

[3] Helton J C,Davis F J. Latin hypercube sampling and
the propagation of uncertainty in analyses of complex
systems[J]. Reliab Eng Syst Saf,2003,81(1):23-
69.

[4] Saltelli A, Marivoet J. Non-parametric statistics in



14 BOE.ERABEM T EENSH R FANEZ MM A 77

sensitivity analysis for model output:a comparison of [9] Hofer E,Kloos M, Krzykacz-Hansmann B, et al. An
selected techniques[ J]. Reliab Eng Syst Saf, 1990, approximate epistemic uncertainty analysis approach
28(2) :229-253. in the presence of epistemic and aleatory uncertainties

[5] Sobol I M. Global sensitivity indices for nonlinear [J]. Reliability Engineering and System Safety,
mathematical models and their monte carlo estimates 2002,77(3) :229-238.

[J]. Mat Comput Simulation,2001,55(1) :221-280. [10] Tian L F,Lu Z Z.Wei P F. A global sensitivity analy-

[6] Iman R L,Hora S C. A robust measure of uncertainty sis method using moving least squares for models
importance for use in fault tree system analysis[]]. with correlated input variables[J]. Journal of Air-
Risk Anal,1990,10(3) :401-406. craft,2011,48(6):2107-2113.

[7] Liu H B, Chen W, Sudjianto A. Relative entropy [11] Breitkpf P, Naceur H, Rassineux A, et al. Moving
based method for probabilistic sensitivity analysis in least squares response surface approximation:formu-
engineering design [ J ]. Jowrnal of Mechanical lation and metal forming applications[ J]. Computers
Design,2006,128(3) :326-333. & Structures,2005,83(17-18) :1411-1428.

[8] Borgonovo E. A new uncertainty importance measure [12] Saltelli A,Chan K, Scott M, editors. Sensitivity Ana-
[J]. Reliab Eng Syst Saf,2007,92(6) ;771-784. lysisL. M]. New York: Wiley,2000.

Importance analysis in the presence of epistemic and aleatory

uncertainties under fuzzy state

CHENG Lei*, LU Zhenzhous, WANG Pan
(School of Aeronautics, Northwestern Ploytechnical University,Xi’an 710072, China)

Abstract: To analyze the effect of epistemic uncertainty on failure probability under the condition of fuzzy
state,two importance measures: Correlation Coefficient and Correlation Ration are defined. For the prob-
lem of large computational cost of Monte Carlo method,an approximate method is utilized by introducing
a proportional coefficient to decrease a “three-loop” procedure to a “double-loop” procedure. In order to
decrease the computational cost further,a novel Moving Least Square (MLS) method is constructed in
the presence of epistemic and aleatory uncertainties. This method fits the approximate mapping relation-
ship between epistemic parameters and output by moving least square strategy, which can be used to
compute the conditional expectation of output conveniently,and then the proposed importance measure
can be obtained. Some examples are employed to validate the reasonability and efficiency of the proposed

method.

Key words: fuzzy state; epistemic uncertainty;importance measure; Move Least Square method; propor-

tional coefficient



