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• Background 
- Time-dependent reliability analysis 
- Epistemic uncertainty 
 

• Uncertainty quantification in time-dependent reliability analysis 
- Modeling of epistemic uncertainty in random variables 
- Modeling of epistemic uncertainty in stochastic processes 
- Uncertainty quantification of time-dependent reliability 
 

• Numerical examples 
• Conclusions and future work 
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• The ability that a system performs its intended function over a time period of interest. 

• The probability that the first time to failure (FTTF) is larger than a time period of interest.  

• The longer the time period, the lower the reliability. 

An example 
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State of the art 
• Composite limit-state function method (Singh and Mourelatos, 2010, Du, 2013)  
• Importance sampling approach (Mori and Ellingwood, 1993, Dey and Mahadevan, 
2000, Singh and Mourelatos, 2011)  
• Upcrossing rate-based methods (Madsen, 1990, Zhang and Du, 2011, Hu and 
Du, 2013) 
•  Extreme value response method (Wang and Wang, 2012, Hu and Du, 2015) 
•  Other sampling-based methods (Hu and Du, 2014, Jiang, et al., 2014, Wang and 
Mourelatos, 2014) 
 
Only aleatory uncertainty 

 
Challenges 

• Representation of epistemic uncertainty in time-dependent reliability 
analysis 
• Time-dependent reliability analysis including epistemic uncertainty 
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Epistemic uncertainty 

Data uncertainty Model uncertainty Surrogate model 
uncertainty 

Distribution 
parameter 
uncertainty 

Distribution 
type 
uncertainty 

Model 
parameter 
uncertainty 

Model 
discrepancy 

Method error 

Hyper-parameter 
uncertainty 

Prediction 
uncertainty 

Linearization 
error 

• Epistemic uncertainty in random variables 
• Epistemic uncertainty in stochastic processes 
• How to efficiently perform uncertainty quantification in time-dependent reliability 

analysis?  
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Modeling of Epistemic Uncertainty in Stochastic Processes 

Modeling of stochastic processes 

• Karhunen-Loeve (KL) expansion method 
• Polynomial Chaos Expansion (PCE) 
• Linear Expansion (LE) method 
• Orthogonal Series Expansion (OSE) method 
• Expansion Optimal Linear Estimation (EOLE) method 
• ARMA or ARIMA model 
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Modeling of Epistemic Uncertainty in Stochastic Processes 

Bayesian ARMA model 

For given time series coefficients             , the standard deviation in the  noise term: φ ω,
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Modeling of Epistemic Uncertainty in Stochastic Processes 
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An example 

• Model the time series model 
based on collected data 

• MCMC is used for calibration 
• Data from MCMC is recorded to 

preserve the correlation between 
posterior distributions 
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MPP searches 

Upcrossing rate 

Random field modeling 

Importance sampling 

Time-dependent 
reliability 

• The effects of epistemic uncertainty on MPP-based time-dependent reliability analysis 
• Problems with stationary stochastic processes 
 
• Two key elements:       and     

Uncertainty Quantification in Time-Dependent Reliability Analysis 
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Quantify the uncertainty in the time-dependent reliability analysis result 

A straightforward way 

• Dimensionality of the surrogate model may be high: m(1+p+q)+n×nr 

• Computationally expensive 

Number of stochastic 
processes 

Number of random 
variables 
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New approach 

• Group one:      -- random variables and stochastic processes that are exactly modeled  
• Group two:   ,            -- random variables and stochastic processes with epistemic uncertainty 

Classification of random variables and stochastic processes: 
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Main task: how to 
efficiently obtain the key 
elements        and        for 
given value of the 
epistemic uncertainty 
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Introducing an auxiliary variable: 
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MPP search 

New approach (Cont.) 
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Conditional reliability index 

• Independent from the distribution of 
variables with epistemic uncertainty 

• Dependent on value of the variables 
with epistemic uncertainty 

• Still applicable when the distribution 
changes 

• Dimension: m(1+p+q)+n×nr  m+n 

Surrogate model of conditional reliability index 
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New approach (Cont.) 
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A beam example 
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A beam example (Cont.) 

• Uncertainty in the reliability 
analysis result is more sensitive 
to the epistemic uncertainty in 
the random variable 

More stochastic load data More random variable data 
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• A framework is developed for time-dependent reliability analysis 
in the presence of data uncertainty 

• A new method is proposed to improve the efficiency of 
uncertainty quantification in time-dependent reliability analysis 

• Numerical examples demonstrated the effectiveness of the 
proposed method 

 Future work 

• Inclusion of other sources of epistemic uncertainty in time-
dependent reliability analysis (i.e. model uncertainty) 

• Time-dependent sensitivity analysis to quantify contributions of 
epistemic uncertainty sources 
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