37 3 Vol. 37 No. 3
2009 5 Journal of Hohai University Natural Sciences May 2009

DOI 10.3876/j.issn. 1000-1980.2009.03.023

213022
3 3
N945.1 A 1000-1980 2009 03-0351-05
event tree faulty tree decision tree
19
Bayesian networks
11986 Pearl *
1315
) PEACHE TR Pr=0 e
I,<100a ;jj;‘m}gmfp —— Zit%kdi =0.0001
3 p—ogg oIl [ g R 3 P =0.9999
N = &t +Pe=0.
100a<7;<1000a P b (1
HOKAETI R =0.98 S Pr=0.002
P=0.009 ZaY SN =0, ﬁ+€J4\9§$Pr:0.998
1 SRS IR Pr=0.17 ,% =0.60
1000a<7,<10000a %P}jﬁg‘o
. - UK T Pmq g3 [t Pr=0,
event tree analysis ETA P=0.0009 [ARTEINP0.83 HERIANK P =0.80
; N ZEN Yo Pr =
OKIB IR Pr=0.90 ,éﬂL\%Pr 0.70
75100002 LMK =030
] HAKAR T P=0.10 'm:mo
£=0.0001 —— A KT P =0.60
1 16 1
T.=1000a Fig. 1 Event tree of a dam
2008 -04-29
2006B029 “ " 2006BAC14B07

1961 —



352 37
2
3 0.000479.
1
2
3
4
1~3
1 2
Table 1 Prior probability of flood nodes Table 2 Conditional probability of overflow nodes
under different flood return periods under different flood return periods
T <100a 100a< T, < 1000a< T, < T.=> T.< 100a< T, < 1000a< T, < T.=
' 1000 a 10000 a 10000 a 100 a 1000 a 10000 a 10000 a
0.99 0.009 0.0009 0.0001 0 0.02 0.17 0.90
1 0.98 0.83 0.10
3
Table 3 Conditional probability of dam failure nodes under different flood return periods
T.,<100a 100a< T,<1000a 1000 a< T, < 10000 a T,=10000 a
0 0.0001 0.30 0.002 0.60 0.20 0.70 0.40
1 0.9999 0.70 0.998 0.40 0.80 0.30 0.60
2 .
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Fig. 2 Bayesian network model of a dam
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Fig. 3 Fault tree of unexpected ignition of an engine
Event6 0.444 Event5 0.415 Eveni7 0.137

Eventl Event2 0.0024 Event4d 0.000373 Event3 0.000086 .

0.62 0.38
0.74 0.26 2
0.32 0.47
0.21
14.36 9 14.28

?‘* 2 0.

07 0.32
—§£0.47 0
B2 021 10

ﬁﬁi‘o 32

el

£

BT iy ' i’xﬁi‘032

o M ﬁﬁ%oaz
TR NG —moar
NN B0 g

Fig. 4 Bayesian network model of 5

unexpected ignition of an engine Fig. 5 Decision tree of sale of mini-cars
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Table 5 Prior probability of

market situation nodes

0.32
0.47
0.21

6 “ ”

Table 6 Conditional probability of
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Fig. 6 Bayesian network model of
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Event tree fault tree decision-making tree and Bayesian network

ZHOU Jian-fang TANG Chun-yan XU Zhi-yong
College of Mechanical & Electrical Engineering Hohai University ~Changzhou 213022 China

Abstract Based on an introduction to the Bayesian network and the analysis of three examples an event tree of a dam
failure a fault tree for unexpected ignition of a missile engine and a decision-making tree for sale of cars the methods
of the event tree the fault tree and the decision-making tree were compared with the Bayesian network. A general law
was developed to translate the event tree the fault tree and the decision-making tree into the Bayesian network. Firstly

in the Bayesian network the nodes denoted the events. Secondly the nodes were connected with directed arcs according
to the causality and influence of the events. Finally the conditional probability table for the nodes was determined in
terms of the given data or experts’ experience. The results show that the Bayesian network has advantages in dealing with

complex multi-state models and bi-directional reasoning.

Key words event tree fault tree decision tree Bayesian network





