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structural model failure mechanisms

5m ! 5m 2) beam mechanism 3) combined mechanism
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Fig.3 An example frame and its failure mechanisms
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Table 1 The variable distributions and parameter values
variable distribution mean cov

R,(i =1,2,3,5) /(kN -m) lognormal 100 5
Ry o/ (kN -m) lognormal 100 5
H /kN gumbel 50 5
V /kN gamma 60 5
& /(kN +m) normal 0 2

R LR AL A BRPR 2 i S 2 58l oy
g, (x)=R, +R, +R, + R, - 5H,
g:(x) =R, + 2R, + R, - 5V,
g, (x) =R, + 2R, + 2R, + R, — 5SH - 5V, (20)

2.(x) = { min g,(x) <0}.
i=1,23
R\, Ry,R5,Rs,V, H
node discretization @ @ @
...... >
node elimination

(a) WIZRH5H41Y DBN (b) fijfLH) DBN
(a) Frame’s DBN (b) The simplified DBN

B4 RWIZL549% DBN S5fHi{6i DBN
Fig.4 An example frame’s DBN and the simplified DBN
SEF IR AT SR P AR (12) TS 3, WIZR S5 FITE 30 45 A 544 T 58 14 95 A Fifi 1 [7)
AR 2R UL S, B4 S S50 st ] A M 5 2% i PR S ( probability distribution function, PDF) 548
A7 BREY ( cumulative distribution function, CDF) VLRl 6 |, A FI45 ¥4 i 0] REAESF 38 4F & A 234
5 Monte Carlo( 535K ) B L5 R XT EG  IEB T 8125 Bayes 2845780 (A% A 4.
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Fig.5 Reliability index vs. time without evidence Fig.6 PDF and CDF of failure time
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Table 2 Measurement M, , of resistance R, for 10 years
time ¢ /a 0 1 2 3 4 5 6 7 8 9
measurement
100 99.9 99.7 99.3 98.9 98.4 97.8 97.2 96.4 95.5
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Fig.7 Comparison of PDFs of the failure time Fig.8 Posterior reliability index

before and after parameter estimation
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A Dynamic Bayesian Network Model for Structural
Time-Dependent Reliability Analysis of
Resistance Deterioration

SUN Hong-bin, WU Zi-yan, LIU Shu-kui
(School of Mechanics, Civil Engineering and Architecture, Northwestern
Polytechnical University, Xi’ an 710129, P.R.China)

Abstract: A dynamic Bayesian network (DBN) model was proposed for time-dependent relia-
bility analysis of structures in deterioration. The structural resistance deterioration was modeled
as a gamma process while the loads as random variables. The stochastic deterioration process
was discretized in time domain as deterioration models. A DBN was established and comprised
of the reliability model, deterioration model and observation model. Node elimination algorithm
and discretization were applied to modify the DBN into a network with only discrete variables.
Exact inferences with the DBN were presented to estimate the 3 structural states at present ( fil-
tering) , in the future ( prediction) and in the past (smoothing), respectively. The structural
time-dependent reliability was updated with the re-estimated deterioration model when meas-
urements were available. The proposed model was validated through the time-dependent relia-

bility analysis of a one-bay example frame in resistance deterioration.

Key words: time-dependent reliability; dynamic Bayesian network; resistance deterioration;
exact inference; updating
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