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Risk Monitor(RM) 
• PRA uses static failure rates (generic – component class)

• PRA does not rely on current component condition

• Population-based event and probabilities of failure (POF) are used 

• Passive component failures are largely excluded from risk monitors (except as 
initiating events) 

• Economic metric is not integral to PRA

Enhanced Risk Monitor (ERM) 
ü real-time assessments of equipment condition

ü predicted probabilities of failure

ü risk monitoring & prediction

ü multi-objective optimization (Safety metric & Economic metric )

 Research background & significance



Enhanced Risk Monitor (ERM) 

ü -Characterize real-time risk of operating with degraded components – optimize operation 

planning and maintenance scheduling

ü – Offset limited advanced reactor component reliability data by providing tools for assessing 

risk (safety, economics, regulatory compliance) when operating with new component designs

ERM methodology leverages time-dependent PRA

PHM (Prognostics and Health Management ) detects and monitors component health & predicts 
component failure rates (prognostics)
PRA uses these predictive failure rates to estimate

• Safety metric (using cutsets leading to core damage)
• Economic metric (using cutsets leading to unplanned outage)

ERM coupled with predictive maintenance is cost-effective for NPPs 

while maintaining safety goal
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Technical roadmap



Timeline design for risk monitoring/ prediction 
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Timeline design for risk monitoring/ prediction 

The predicted time-varying 

POF can directly derive the 

cumulative distribution 

function (CDF) of the RUL

Fitting the PDF of Remaining Useful Life (RUL)

Fitting the PDF of the Health Indicator (HI)



 The data interface between PHM and RM 

15 types of data that PHM transmits to PB-RMP in real-time：
Ø BoxId
Ø Sampling Time
Ø Sampling Rate
Ø Channel Num
Ø Channel Name
Ø Channel Status
Ø Speed RPM
Ø Speed RPM Status 
Ø Target Equipment 
Ø Target Overall Health 
Ø Failure Mode
Ø Health Indicator Value
Ø Health Indicator Alarm Level
Ø Remaining Useful Life
Ø Probability Distrib Func
3 types of human-machine interaction data:
Ø   Time period for prediction 
Ø   Time step for prediction
Ø   Integration accuracy



Accumulated full lifecycle data of the circulating water pump 

Accumulated multiple sets of fault data and full life data

Fault experiments for over a year and 
lifescycle experiments for six months 
have been conducted on the circulating 
water pump, accumulating a large 
amount of data. 

On-site data collection 
and data collection 
terminal



The health indicators for the full lifecycle of the circulating 

water pump obtained from the experimental study

The change trend of the health indicators for the full lifecycle of the 
circulating water pump

According to the study, the amplitude was selected as the 
health indicator for the pump. The original amplitude data was 
collected under different health conditions and fault modes. 
After processing and calculation, a dataset of 308 days was 
obtained.

The entire dataset consists of 308 days of data, representing 
the full lifecycle of a circulating water pump from a healthy 
state to a shutdown for maintenance. In this study, the data 
has been scaled down. The data is arranged in chronological 
order, with the amplitudes gradually increasing. The green, 
yellow, and red lines represent thresholds for different levels 
of health conditions. 



Fit Exponential Degradation Models for Remaining Useful Life 

(RUL) Estimation
Fit Exponential Degradation Models for Remaining Useful Life (RUL) Estimation
Exponential degradation model is defined as

where  
• h(t) is the health indicator as a function of time. 
• ϕ is the intercept term considered as a constant. 
• θ and β  are random parameters determining the slope of the model, 
Ø  θ is lognormal-distributed
Ø  β is Gaussian-distributed. 
Ø At each time step t, the distribution of θ and β is updated to the posterior based on the latest 

observation of  h(t). 
• ϵ  is a Gaussian white noise yielding to N(0,σ2). 
• The −σ2/2 term in the exponential is to make the expectation of h(t) satisfy



Fit Exponential Degradation Models for Remaining Useful Life 

(RUL) Estimation
The data of 308 days have been saved as 308 folders, with each folder containing the data information of one day:

Data information of a specific day:



Calculate the POF based on the PDF for RUL

The X-axis of the PDF of RUL obtained from calculations The Y-axis of the PDF of RUL obtained from calculations



Calculate the POF based on the PDF for RUL



Calculate the POF based on the PDF for RUL

Calculate the failure probability 
within a specific time period by 
setting the time period and 
integration accuracy



Calculate the POF based on the PDF for RUL



Case study on Core Damage Frequency (CDF)

The sequence for case analysis:
 GR1A-1 - GRAHE1 - V06 - RHRS-FALL

CDF with considering the degradation effect (the blue line) 
 Vs. 

CDF without considering the degradation effect (the orange line)



Preventive, corrective maintenance and overhaul effects on

component POF

Illustration of the PM, CM and their combined effect on λ(t)Illustration of λCM(t)



• Given that the degradation state estimate is known 
at each time instant, the occurrence of CCF would be 
indicated by the concurrent exceedance of the 
endurance to degradation. 

• Therefore, the CCF impacts would be characterized 
by the fraction of multiple exceedances of the 
endurance to degradation, which follows the 
conventional parametric CCF model. 

• The scope of the parametric CCF model would be 
extended to be dynamic over the service lifetime 
rather than being static.

New CCF model for components under the degradation

Ø At each time step, all samples from each component 
will be collected to describe the degradation state of 
each component. 

Ø Taking a two-component common cause failure 
group (CCFG) as an example, the β(t)-factor CCF 
model is adopted for demonstration, where the β(t) 
is defined as the proportion of common cause 
failures at the time t involving multiple components. 

Ø Specifically, the β(t)-factor at each time instance tk is 
estimated as the ratio of common cause failures 
involving multiple components. 



 Plant-level multi-objective optimization

Pareto set of optimal solutions

The multi-objective multi-dimensional 
optimization  problem:

• The mean of CDF(t)

• the total T&M costs

• the exposure time due to 
performing the T&M activities



Performance-based Risk Monitoring and Prediction (PB-

RMP) Software for NPPs

The operating process of the PB-RMP

The data architecture of the PB-RMP



The user interfaces of the PB-RMP 



Thanks for your attention!


