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Abstract: The failure behaviour of modern systems is complex, with both dynamics and correlation. First, in order to describe the
dynamic failure behaviour intuitively and accurately, a novel continuous-time dynamic Bayesian network analysis method is proposed,
which uses node sequence conditional probability table( CPT) to describe the event relationship. Then, the calculation method of child
node failure probability, posteriori probability and importance measures of root node based on the rule execution degree of node sequence
CPT and the sampling property of impulse function is proposed. Further, aiming at the system correlation failure behaviour caused by
common cause failure( CCF) , a novel continuous-time dynamic Bayesian network analysis method considering CCF is proposed to solve
the overlapping problem of system failure logic dynamics and correlation. Compared with the Bayesian network, discrete-time dynamic
Bayesian network analysis method, Markov chain and Monte Carlo method, the feasibility and superiority of the proposed method are
verified. Finally, the reliability of dynamic failure related systems is evaluated, the results show that the proposed method can directly
and effectively describe the dynamic and correlation failure behavior, obtain the accurate system reliability index, compared with ignoring
CCF, considering CCF can improve the reliability analysis accuracy of the system by 29% when the task time is 5%10° h, which is more
practical.
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Fig. 1 Novel continuous-time dynamic Bayesian network
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®15 TRy, HIFEEEHER
Table 15 Sequence CPT of node y,
o lig ]

B x, x5 C, 0 Py, 3 |x£r4] ,xitsj 0

1 1 2 3 u(lcz—tS)u(ts—l,A) 5(1,),3—L5)

2 1 3 2 u(ﬁ5—l(;2)u(t(;2—t4) 5(51'3 _5(:2)

3 2 1 3 u(tcz—t4)u(t4—t5) 6(5),3—z4)

4 3 1 2 u(t4—tcz)u(tcz—t5) 5({,3—[62)

5 2 3 1 1;(15—54)14([4—%2) 3<l?3_l’cz)

6 3 2 1 u(h“s)u(ts_‘cz) B(t,fz_tcz)

FRAR T s B P AR (S) ~ (7) ,sRAS K BHARY
PR AL R G AR R BT (] A5 Ao L thZe an &l 9 B

2 L R R A SR AR K BH R DGR F vl 2R 8 i e g
A HC T Z WAL R R 80, FEAT 55 B[R] R 5% 10° h B fE A% 45
11 29% WY AT FEVE SRS BE , BIAT 5 SEBR

FRTEIT Ay, oys oy, BTSRRI, LIARTT A v, v,
o, R ARHEL(5) ~ (8), SKAF 5 56 A% 2 bifi BT 1) 45 Ak XoF
Fe £k aniE 12 froR .,

Lor —o—x{T = &= =X,
09 - ;
~08f AT —a

-CCF
/\7

2 3
TAER ] o/h

B12 et AR e AxT

Fig. 12 Comparison of posterior probability curves

FTPET 12 AR AR 7% P PR S A0t ) i 6 R 1
/N AR L R At 1) 5 SR 220 e PR AR R
5 FEUE R RGBS W s

RAE 7 S P A RRMA(5) ~ (7)) &
K (9) ~(12) ,3RIFAE S5 W} E] £, = 10 000 h B, % JE AL A
R AR R ANER 16 PR

F16 FEHXERYMRTSEEE
Table 16 Importance measures of root nodes

considering CCF

WA BEREEE  FVEEE KRRERE MOEEE
%y 0.005436  0.002954  1.490872  0.004 618
X 0.000 053 0.000 095 1.009 434 0.000 149
X3 0.000 054 0.000 095 1.009 626 0.000 149
%y 0.000312  0.001112  1.027240  0.001 737
xs 0.000 315 0.001 112 1.027 520 0.001 737
X 0.995951  0.361181  9.114733  0.564 591
X 0.002 374 0.001 075 1.429 146 0.001 681
xg 0.002 472 0.001 075 1.447 028 0.001 681
%o 0.962585  0.271021  9.204 893  0.423 655

16 M AR x BIMER F-V T R Y
KU xg TERAS LB BE ¥ RO EE «
NA RGBT ST B I T OGRS g Y XU [
TR A K, ol H AT SEPE S 0F R G5 T SEPEAT Sk e KA TT
XL 1316 %2 3R, 2200 3 DR 2 8 i AR 0 2 22 18 AR &8
TN %66 Xy Xy g Xy X5 X X, 5 S PR R RN AR R
HEEINKEINH x4 %9 X, X5 X, Xy Xy Xy Xy, SRR
SN R Y o5 B 27 A R AT 2 R R
3.2 HEEHBERRS

BHEAER R e MR & 2 —, R )
BEUR R GE AU P ity ) A O T, B sl 2 L PR AR 3
AR S A (] A DL 2 N 18] 13 s, o AR
SRR A, (X 10°°/h) 43310 3.2.4.5.11.1.2.2.7,
9.5.6.8, WA y, vy, FATEILRAL, B T 4151
0.091.0. 082,

(& 13 v, 4515 B S P A R R AN 2R 17 ~ 20
JiR o b AT ALy, Ly, FRORBYB ISR M, Lt
[ 85y, A BIEE

FRAE T P AR R A (5) ~ (7) , RAFEA
(14 il e R 3R B o ] A5 b i & 8] 14 BT/

F ] 14 AT R0 )Y A5y B R R 1, L OQ I T
SAFTERFRENE ST R G PEREAG 12 R IRI AT 05y, TR TR
JE LR AE Bt TAE i 5y e A g
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Fig. 13 Bayesian network considering CCF

F17 TRy WKFEEBEER
Table 17 Sequence CPT of node y,

i B e e e e T
TAERFl¢/h
I 14 BB B A5 2

Fig. 14 Temporal curves of failure probability
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Fig. 15 Temporal curves of posterior probability

HRAE T S AR RN (5) ~(7) &
K (9) ~ (12) ,RAHESF B E] ¢, = 10 000, % F& IR e 3%
ROAR T BN 21 iR,

®21 EEHERYRRTIERE
Table 21 Importance measures of root nodes

considering CCF

[, o L]
MW % x, G 0 P(y, ' Ix, ,xg > ,C, i )
1 1 2 3 u(t(;]—tz)u(zz—t]) B(ty]_tZ)
2 1 3 2 ulhte Julie ~t) 8(t, ~t¢,)
3 27 1 3 u(tcl—tl Yu(t,~t,) B(t),l—zl)
4 2 3 1 u(tz—t])u(tl—tcl) 5(t),]—tcl)
5 3 1 2 u(tl—lcl )u(tcl—tz) B(th_tcl)
6 3 2 1 ll(il_tz)u(tz_”cl) 5(6‘]_”0])
F18 TRy, MIFEEGHESR
Table 18 Sequence CPT of node y,
FLI] x y 0 R
3 N P(y, ng Y1 )
1 1 2 u(t)l—t3) 8“«‘2_[3)
2 2 1 u(t3—t”) a(t?z_t«"l)
x19 TRy, HEFEEGHERR
Table 19 Sequence CPT of node y,
[t ]
FLu| Xy xs 0 P(ys "3 Ix[l4 xi’s] )
1 1 2 u(ts—ty) 5(z}3—t4+k)
2 2 1 u(ty—ts) 5(t3,3—t4)
F20 TRy HEEFEEGHEERR
Table 20 Sequence CPT of node y,
W o [tg]
Fu| Xg Xg 0 P(ys s Ix )
1 1 2 u(ty=tg) 8(1, )
2 2 1 u(tg=ty) 5(t?,5—z8)

WA BEREEE  FVEEE KRRERE MO EEE
x) 0.680473  0.062853  2.932919  0.080 077
x, 0.685938  0.078 883  2.932919  0.100 500
X . 692 832 . 099 102 .932919 . 126 259

2

Xy . 735 674 . 224 756 2.961 489 . 286 345
. 665 666 . 019 426 2.932 919 . 024 749
. 009 833 . 000 571 1.037 719 . 000 727

0 0 0.
0 0 0
0 0 0.
0 0 0
Xy 0. 009 844 0. 000 572 1.035 916 0. 000 728
0 0 0.
0 0 0
0 0 0
0 0

Xs

X6

. 045 825 . 009 086 1. 166 943 . 011 576
. 034 416 . 119 525 1. 122 237 . 011 654
. 699 795 . 160 987 2.932 919 . 152 278
. 713 932 1.932 919 2.932 919 . 205 102

xg
X9
*10

X1
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