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Abstract The nuclear power plant(NPP)’s Instrumentation and Control(I&C) system
periodically conducts integrity checks for the maintenance of self-diagnostic function during
normal operation. Additionally, it performs functionality and performance checks during planned
preventive maintenance periods. However, there is a need for technological development to
diagnose failures and prevent accidents in advance. In this paper, we studied methods for
estimating the reliability function by utilizing environmental data and self-diagnostic data of the
I&C equipment. To obtain failure data, we assumed probability distributions for component
features of the I&C equipment and generated virtual failure data. Using this failure data, we
estimated the reliability function using representative artificial intelligence(AI) models used in
survival analysis(DeepSurve, DeepHit). And we also estimated the reliability function through the
Cox regression model of the traditional semi-parametric method. We confirmed the feasibility
through the residual lifetime calculations based on environmental and diagnostic data.
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Table 3 Coefficient and Error of Cox regression

Feature(Ftr) B exp(B) | Error
Voltage 0.00 1.00 0.00
Temp 0.15 1.16 0.01
Frequency -0.04 0.96 0.00
Power -0.01 0.99 0.00
No of Pins 0.60 1.82 0.07
VSR 0.52 1.68 0.07
JTCM 0.23 1.26 0.06
ESCM 0.37 1.45 0.06
Etc -0.03 0.97 0.00
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Hyper—-Parameters Value
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Fig. 3 Test Result of Model Inference
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Table 6 Remaining Life time of Models

Cond | CoxRgs DeepSurv | DeepHit
A 390 265 893
B 634 360 1147
C 1708 1454 1935
D 3273 3840 2691
E 4692 4711 3684
F 4291 3631 2641
Unit : 10°hr
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