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Risk assessment of reactor faults based on fault tree and Bayesian network

LIU Yale, MA Hongzhong, CHEN Yutong, LI1U Huadong

(College of Electrical and Power Engineering, Hohai University, Nanjing 211100, China)

Abstract: In view of the limitations of excessive reliance on subjective experience in reactor fault risk assessment,
a comprehensive evaluation method based on fault tree and fuzzy Bayesian network is proposed. A fault tree model
covering three fault manifestations, abnormal vibration, abnormal temperature rise, and abnormal oil
chromatography, is built to clarify the causal logic of 22 risk factors and then mapped into a Bayesian network.
Trapezoidal fuzzy numbers are used to handle linguistic uncertainty in expert judgment, and expert weights are
combined to obtain basic event probabilities. Forward reasoning yields the overall reactor fault probability, while
backward reasoning and fault importance indices are simultaneously involved to identify key fault causes. Case
analysis shows that the method accurately assesses fault risk, identifies fault causes, and provides a basis for
operation and maintenance decisions. The proposed comprehensive evaluation method based on fault tree and fuzzy
Bayesian network effectively reduces subjective dependence in reactor fault risk assessment, offering high practical
value and broad application prospects.
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Fig.1 Bayesian network model for reactor fault risk
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Tab.2 Trapezoidal fuzzy numbers represented by
grade 7 natural language variables

EEAR o I (A T BRI
VL (0, 0, 0.005, 0.010)
L (0.005, 0.010, 0.013, 0.018)
ML (0.013, 0.018, 0.020, 0.025)
M (0.020, 0.025, 0.028, 0.033)
MH (0.028, 0.033, 0.035, 0.040)
H (0.035, 0.040, 0.043, 0.048)
VH (0.043, 0.048, 0.050, 0.050)
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Tab.4 Expert comprehensive weight standard

LXK HEEHBE MY AF BRAN = D3 S VAR RS A 2 5 H AR GFAME
1 f#4:(1.0) >20 4(1.0) >85%(1.0) >10 4M(L.0) 1.00
2 1i+:(0.8) 10~20 4£(0.8) 70%~85%(0.8) 6~10 /~(0.8) 0.80
3 FFH0.7) 5~10 4£(0.7) 60%~70%(0.7) 3~6 1~(0.7) 0.70
4 i 1:(0.8) 10~20 ££(0.8) 70%~85%(0.8) 6~10 1~(0.8) 0.80
5 f#+4(1.0) 5~10 4(0.7) 70%-~85%(0.8) 6~10 /~(0.8) 0.82
6 ARH0.7) >20 4(1.0) >85%(1.0) >10 4~(L.0) 0.94
7 fi+:(0.8) >20 4(1.0) 70%~85%(0.8) >10 4M(L.0) 0.90
5 HIAREERMEITHR
Tab.5 Risk rating of reactor failure
T HH1 HHR2 HHX3 LR 4 HHK5 EX6 BHRT
By VL L L VL VL L L
Bz VL VL L L L L VL
Bs L L VL VL VL L
Bs ML L L ML L L
Bs VL L VL VL L L VL
Bs L VL L VL VL VL VL
B, VL VL L L L VL L
Bg L L ML ML L L ML
Bo VL VL VL L L VL L
Bio VL L L VL VL VL VL
Bu VL VL L VL VL VL
B, VL L VL VL L VL VL
Bus VL VL VL VL VL VL
Bu L ML L L L ML
Bus VL VL VL L L VL VL
B ML L ML ML L L ML
By VL VL VL L L VL VL
Bis VL L L L L L VL
Buo ML ML L L L L L
Bao L L ML L L L L
Byt VL VL L L L L VL
By, ML ML ML L L L ML
LA By A, H SR KU 2 S S, PR R, =(0.003,0.007,0.009,0.014) (11)
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Tab.6 Probability of each node in forward reasoning
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Fig.2 Bayesian network in forward reasoning
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Fig.3 Bayesian network in backward reasoning
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