
International Journal of Performability Engineering, Vol. 3, No. 4, October 2007, pp. 71 – 84. 

© RAMS Consultants 

Printed in India 

 

______________________________________________                                                                                     
∗

Corresponding author Email: durga_k_rao@yahoo.com                                         71 

Epistemic Uncertainty Propagation in Reliability 

Assessment of Complex Systems 

K. DURGA RAO
1*

, H.S. KUSHWAHA
1
, A.K. VERMA

2
 and A. SRIVIDYA

2
 

1Bhabha Atomic Research Centre, Mumbai, India 
2Indian Institute of Technology Bombay, Mumbai, India 

(Received on Feb.11, 2007) 

Abstract: Uncertainties are present in any reliability calculations due to randomness in 

the failure/repair phenomena and given the limitation in assessing the parameters of the 

failure/repair probability density functions. The simplifications and idealizations also 

generate uncertainties which can be classified as aleatory (arising due to randomness) 

and/or epistemic (due to lack of knowledge). It is very important to identify all the 

uncertainties and treat them effectively to make reliability studies more useful for decision 

making. The uncertainty propagation of system reliability assessment quantifies 

uncertainty in system characteristic (e.g. system unavailability) by synthesizing the 

uncertainties in component characteristics. This paper explores various uncertainty 

propagation methods used in availability assessment of complex engineering systems. 

Apart from probabilistic (analytical and sampling) and fuzzy arithmetic approaches, 

Dempster-Shafer theory based approach is attempted to deal the same problem. A case 

study on Main Control Power Supply System (MCPS) of typical Indian Nuclear Power 

Plant (NPP) is presented highlighting merits and demerits of various methods. 

Keywords: Epistemic Uncertainty, Aleatory Uncertainty, Method of Moments, Monte 

Carlo Simulation, Fuzzy Set Theory, Dempster-Shafer Theory.   

1. Introduction 

System reliability assessment is an efficient tool for the management of risk and decision 

making in complex engineering systems like Nuclear Power Plants (NPPs) and chemical 

plants. It also provides insights into strengths and weaknesses of design and operation of 

systems. It is further supporting Risk/Reliability Based Inspection (RBI), technical 

specification optimization, accident management, etc. Nevertheless, it has own limitations 

and often been criticized for its uncertainties. Analyses for complex systems inevitably 

involve uncertainties arising from inherent variability (randomness or aleatory) or lack of 

knowledge (epistemic) [1].  Accuracy of reliability studies is greatly influenced by 

methodology, modelling of Common Cause Failures (CCF), human reliability issues, 

unjustified assumptions, model uncertainty and incompleteness in the analysis and lack of 

plant specific data [2]. The impact of these uncertainties must be addressed if it is to serve 

as a tool in the decision making process.  

Availability is an important measure of system effectiveness for repairable systems. It 

is a function of both reliability and maintainability, which deals with failures and repairs 

respectively. The inherent variability of failures and repairs times of equipment is 

sometimes referred as ‘randomness’ or ‘stochastic uncertainty’, commonly known as 
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‘aleatory uncertainty’, which cannot be reduced [1]. Probabilistic based reliability models 

(aleatory models) give mathematical expression for system availability as a function of 

availability of constituting components and human actions. Many methods have been 

developed for arriving at aleatory models such as reliability block diagram, fault tree 

analysis, event tree analysis, Markov models, Failure Modes and Effects Analysis (FMEA) 

and stochastic simulation [1-3].  Selection of the appropriate method depends upon the 

complexity of system and measures used to quantify the reliability index. 

However, both deterministic and probabilistic approaches are built on a number of 

model assumptions and model parameters that are based on what is currently known about 

the physics of the relevant processes and the behavior of systems under given conditions. 

There is uncertainty associated with these conditions, which depends upon state of 

knowledge, is referred as ‘epistemic uncertainty’ or ‘subjective uncertainty’. It is 

important that the uncertainties in inherent variability of physical processes (i.e., aleatory 

uncertainty) and the uncertainties in knowledge of these processes (i.e., epistemic 

uncertainty) are properly accounted for [4, 5]. The problem of acknowledging and treating 

uncertainty is important for the quality and practical usability of quantitative system 

analysis [6]. 

The three major categories of sources of uncertainties in availability models as per 

base Probabilistic Safety Assessment (PSA) resource document [2] are (i) Input parameter 

uncertainties – The parameters of the various models are not exactly known because of 

scarcity or lack of data, variability with in the populations of plants and/or components, 

and assumptions made by experts. (ii) Modelling uncertainty - There are uncertainties 

introduced by the relative inadequacy of the conceptual models, the mathematical models, 

the numerical approximations, the coding errors and the computational limits and (iii) 

Completeness uncertainty - The lack of completeness introduces uncertainty in the results 

and conclusions of the analysis that is difficult to assess or quantify. However, by review 

of the analysis, it is possible to minimize the effect of completeness uncertainty. The focus 

here is on the uncertainties regarding the numerical values of the parameters (parameter 

uncertainty) of a given model. The focus of this paper is in quantifying uncertainty in the 

aleatory model outputs induced by epistemic uncertainties in input parameters. 

Literature study on various uncertainty propagation methods available in the literature 

is presented in section 2. Available methods in the literature can handle either with model 

parameters having probability distributions or fuzzy membership functions. Uncertainty 

quantification based on Dempster-Shafer theory is explored in the context of availability 

models where certain parameters of model are probability distributions and certain 

parameters of model are fuzzy membership functions. A case study on 240V AC Main 

Control Power Supply (MCPS) of a typical Indian Nuclear Power Plant has been carried 

out, in which different features of methods of uncertainty propagation surveyed are 

highlighted and is presented in section 3. The limitations and benefits of these methods are 

described with the case-study results. 

2. Studies On Different Uncertainty Propagation Methods 

Limitations in exactly assessing the parameters of the random variables are leading to 

uncertainty. This uncertainty is identified as “epistemic uncertainty” which is knowledge 

based and can be reduced with more information. There are several methods available in 

the literature for propagating epistemic uncertainties. The uncertainty analysis of system 

reliability assessment determines uncertainty in system characteristic by synthesizing the 
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known or assumed uncertainties in component characteristics [6]. Sensitive studies are 

performed to assess their relative importance. 

 

Table 1: Comparison of Methods for Uncertainty Propagation 

Method Representation of uncertainty Propagation to output 

Method of Moments Moments of the parameters 

(mean and variance) 

Analytical 

Monte Carlo Simulation  Probability distributions Simulation 

Probability Bounds P-boxes Cartesian product of 

intervals and probabilities 

Discrete Probability Probability distributions Analytical 

Interval Analysis Intervals Interval arithmetic 

Fuzzy Set Theory Fuzzy membership function 

(possibility distribution) 

Fuzzy arithmetic 

Dempster-Shafer 

Theory 

Dempster-Shafer structures, 

probability and possibility 

distributions 

Combination of  

analytical and simulation 

 

In Level 1 PSA of NPPs, uncertainty analysis is carried out after the quantification of 

accident sequences [2, 3]. The quantification of the input parameter uncertainties is usually 

done by considering a PSA result as the output of the model, in which input parameters are 

characterized as random variables.  The probability distribution assigned for each 

parameter then quantifies the uncertainty that is due to lack of knowledge about the exact 

value of this parameter and for propagating uncertainties Monte Carlo simulation is 

generally used [2, 3].   

However, the above mentioned approach is the practice only in PSA of NPPs but there 

are several methods for propagating uncertainties such as: (i) Analytical Methods (Method 

of Moments) [7], (ii) Discrete Probability Distributions [8], (iii) Sampling Methods [9], 

(iv) Interval Arithmetic [6], (v) Fuzzy Arithmetic [6, 10, 11, 15], (vi) Probability Bounds 

[12], and (vii) Dempster-Shafer Theory (Evidence Theory) [13-15] . They are different 

from each other, in terms of characterizing the input parameter uncertainty and also in kind 

of propagation from parameter level to model output level.  Probabilistic approaches 

characterize the uncertainty in the parameter by a probability distribution. Interval 

approach represents with an interval having lower bound and upper bound. Fuzzy set 

theory based approach characterizes by a fuzzy membership function. Different available 

methods for uncertainty propagation available in the literature are given in Table 1.  

Apostolakis et al. have presented methods for the estimation of confidence bounds for 

the unavailability of complex systems [16]. The estimation utilized standard inequalities 

and it requires knowledge of the mean and variance of the unavailability. These are 

determined through Taylor series expansions. Jackson et al. have investigated uncertainty 

analysis of system reliability assessment with particular emphasis on commercial nuclear 

power generation stations [9]. Sources of uncertainty in system reliability analyses by the 

fault tree method have been identified. Three methods for synthesizing uncertainty in 

system availability, namely: systematic combination of random variables, Monte Carlo 

simulation and system moments method have been compared. A case study on pressure 

tank system has also been carried out to implement all the three methods.  
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Ahmed et al. compared three uncertainty propagation methods, namely method of 

moments, discrete probability distribution, and Monte Carlo simulation [17, 40]. They 

have concluded that for small uncertainty in the basic event probabilities, the three 

methods give similar results. But, for large uncertainty the method of moments is in error, 

and the appropriate method is to propagate uncertainty in the discrete form either by 

discrete probability method without sampling or by Monte Carlo.  Rushdi et al.[7], 

presented an exposition made of the exact method of moments which is based on the exact 

and finite Taylor expansion of the top event probability in terms of basic event 

probabilities in a fault tree. Four test problems are solved with this approach and 

compared with direct Monte Carlo simulation that uses sufficiently large number of 

samples. It concludes that the superiority of the exact method of moments to some of the 

other methods is more evident whenever the spread in basic event probabilities is large.      

There is another school of people who adopted fuzzy set theory to propagate epistemic 

uncertainty. Tanaka et al. characterised uncertainty in the failure probability with fuzzy 

membership function, it is called as ‘possibility’ or ‘fuzzy probability’ [10].   In the 

proposed approach based on fuzzy fault tree model, the possibility of failure of the top 

event is calculated from the possibilities of failure of its components according to the 

fuzzy extension principle. Misra et al. presented fuzzy fault tree analysis based on 

possibility distributions associated with the basic events and a fuzzy algebra for combining 

these events [18]. An algorithm based on a discretization procedure which permits 

consideration of any arbitrary possibility distribution for the events is proposed. When the 

system reliability expression is non-linear, applying fuzzy arithmetic with conventional α-

cut approach may not give correct results. Mon et al., proposed an approach where fuzzy 

arithmetic is carried with the help non-linear programming techniques to rectify the 

problem [19].  Suresh et al. have presented a comparative study of probabilistic and 

fuzzy methodologies for top event uncertainty evaluation [20]. Resolution identity method, 

also known as α-cut method is used for top event failure probability calculations in the 

methodology which is based on fuzzy set theory.  

Smith et al. presented an optimized vertex method to reduce the number of calculations 

required to perform a possibilistic analysis [21]. The maximum and minimum values of the 

response function must be determined over the range of the fuzzy variables. This is 

accompanied by finding the extremum of the function within the interval of fuzzy variables 

defined by an α-cut. This method is more effective than the previous methodology, alpha 

cut method, which is based on the assumption that the maximum or minimum value of the 

response function will occur at the bounds of the interval. The method suggests using the 

extremum of the function within the interval or an incorrect result will be obtained. To 

obtain the correct result the global extrema must be accounted for.   

Scott et al. proposed an approach based on probability bounds analysis [12]. The 

inputs are expressed as interval bounds on cumulative distribution functions, decomposed 

into a list of pairs of the form. A Cartesian product of these list, creates another list, which 

is recomposed to form the resulting uncertain number as upper and lower bounds on a 

cumulative distribution function. However, this method is computationally intensive. 

Evidence theory also called Dempster-Shafer theory, is proposed as an alternative to the 

classical probability theory to handle the imprecise data situation [15]. Bae et al. used 

evidence theory for uncertainty analysis of large scale built up engineering structures and 

also proposed an algorithm that can alleviate the computational difficulties [14]. 
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Many authors have contributed for the extensive use and improvement of all these 

methods [22-32]. However, the different approaches to dealing with uncertainty presented 

above have proved to possess different desirable and undesirable features, making them 

more or less useful in different situations. All the above-mentioned methods are focused 

on propagating uncertainties without distinguishing the type and/or source of uncertainty. 

However, it is still debatable on whether it is required to distinguish different types of 

uncertainty. Scott, Hora and Apostolakis have advocated for the need to distinguish 

different types of uncertainty for effective decision making [4, 33, 34, 40]. Aleatory 

uncertainty cannot be reduced, as it is inherent and epistemic uncertainty can be reduced 

by more understanding of the phenomena. This is the premise for distinguishing different 

types of uncertainties.  

For complex problems, applying method of moments and probability bounds is very 

difficult if not impossible. Hence, interval arithmetic, fuzzy arithmetic, Monte Carlo 

simulation and Dempster-Shafer theory are chosen for the selected case study, as its 

unavailability function is large and complex.   

 

 
Fig. 1: Schematic Diagram of 240V AC Control Power Supply System 

 

3. Case Study: Main Control Power Supply System (MCPS) Of Typical Indian NPP   

3.1 Availability Assessment of MCPS using Fault Tree Analysis [35]  

240V AC MCPS is a very important support system in Nuclear Power Plant which 

provides uninterrupted A.C. power supply to safety related loads such as reactor regulation 

systems and safety system loads such as shut down systems. The schematic diagram of this 

system is shown in Fig. 1.  

There are four (Uninterrupted Power Supply) UPSs namely, UPS-1, UPS-2, UPS-3 

and UPS-4; and four UPS batteries (BY) viz., BY-1, BY-2, BY-3 and BY-4 [25]. UPS-1, 

UPS-2 and UPS-3 are having in-built static switches for transferring the load to standby 

UPS which is UPS-4. Ch-A/D/Y (Bus F2) loads are fed from UPS-1, Ch-B/E/Z (Bus F6) 
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loads are fed from UPS-2, Ch-C/F (Bus F4) loads are fed from UPS-3, and UPS-4 is 

standby UPS. Input supply to UPS-1 and UPS-3, and UPS-2 and UPS-4 is taken from 

division I and division II of class III respectively (Refer Fig. 1).  

 

TOP
2

MCPS

Failure

F2

No supply

from F2

F4

No supply

from F4

F6

No supply

from F6

NOSPLYF2

No input

supply

F2GND
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ground
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No supply

to UPS1

U1SW

UPS1 switch

failure

U1

UPS 1

unavailble

SU4

UPS4 

unavailble

 
Fig. 2: Simplified Fault Tree of MCPS 

 

Table2: List of Minimal Cut-Set 

S. No. Cut Set S. No. Cut Set 
1 F2GND F6GND 16 UPS1BATR UPS3BATR DIV1 

2 F4GND F6GND 17 UPS1INV UPS2BATR UPS2RECT 

3 F2GND F4GND 18 UPS2INV UPS3BATR DIV1 

4 F2GND U3SWOPN 19 UPS2INV UPS3BATR UPS3RECT 

5 F4GND U2SWOPN 20 UPS2INV UPS1BATR UPS1RECT 

6 F6GND U1SWOPN 21 UPS3INV UPS1BATR UPS1RECT 

7 F4GND U1SWOPN 22 UPS3INV UPS2BATR DIV2 

8 F2GND U2SWOPN 23 UPS3INV UPS2BATR UPS2RECT 

9 F6GND U3SWOPN 24 UPS1INV UPS3BATR DIV1 

10 UPS3INV UPS2INV 25 UPS1INV UPS3BATR UPS3RECT 

11 UPS1INV UPS3INV 26 UPS3INV UPS1BATR DIV1 

12 UPS1INV UPS2INV 27 UPS2INV UPS1BATR DIV1 

13 U1SWOPN U3SWOPN 28 UPS1INV UPS2BATR DIV2 

14 U3SWOPN U2SWOPN 29 F2GND UPS3INV UPS4INV 

15 U1SWOPN U2SWOPN 30 F6GND UPS3INV UPS4INV 
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Unavailability model is obtained with the help of fault tree analysis technique. More on 

fault tree analysis can be found in Misra [36]. Failure criterion is unavailability of power 

supply at 2 out of 3 buses. Fault tree is developed and the minimal cut-sets and 

unavailability of the system are obtained using PSAPACK 4.2 [37]. There are 24 

components identified in the system and 219 minimal cut sets are obtained from the 

analysis. A simplified fault tree and the first 30 minimal cut sets of MCPS are shown in 

Fig. 2 and Table 2 respectively. 

 

Table 3: Unavailability of Components as Uncertain Parameters 

Component Description Interval Fuzzy Number 

BUS F GROUND [1.83E-04, 1.65E-03] [1.83E-04, 5.50E-04, 1.65E-03] 

UPS SWITCH OPEN [3.33E-05, 3.00E-04] [3.33E-05, 1.00E-04, 3.00E-04] 

UPS INVERTER [3.66E-05, 3.30E-04] [3.66E-05, 1.10E-04, 3.30E-04] 

UPS BATTERY [8.33E-05, 7.50E-04] [8.33E-05, 2.50E-04, 7.50E-04] 

UPS RECTIFIER [1.83E-04, 1.65E-03] [1.83E-04, 5.50E-04, 1.65E-03] 

CIRCUIT BREAKER [3.00E-06, 2.70E-05] [3.00E-06, 9.00E-06, 2.70E-05] 

DIVISION [1.83E-04, 1.65E-03] [1.83E-04, 5.50E-04, 1.65E-03] 

   

3.2 Uncertainty Propagation in MCPS with Different Methods 

3.2.1 Interval Analysis 

The uncertainty in the variables is specified as interval number in this approach. The 

intervals should represent the absolute bounds of the uncertain parameter that one wants to 

explore in the analysis. Table 3 gives the intervals chosen for the uncertain variables in 

unavailability expression of MCPS [27, 35]. The system unavailability obtained after 

carrying out interval arithmetic is [1.44E-7, 1.17E-5].  

Benefits: Interval analysis is a straightforward, easily explainable simple method. Interval 

analysis can be used whatever the source of uncertainty. Interval analysis is very well 

suited for screening studies, due to inherent conservatism and simplicity. 

Limitations: As one is working with only the ranges of the inputs, these ranges can grow 

very quickly, making the results highly conservative in many real-life situations. To some 

extent, the approach is paradoxical, since it implies that one cannot know the exact value 

of a parameter, but the exact bounds may be known. The methodology compounds 

aleatory and epistemic uncertainty. 

3.2.2 Fuzzy Arithmetic 

The uncertainty in parameters are specified as triangular fuzzy numbers using the simple 

strategy of allowing alpha-level 0 be represented by the intervals specified above, and 

alpha-level 1 to be represented by the best estimate. It is characterized by three values as 

shown in Table 3 for all the unavailability of components [27, 35].  The following 

expressions are used for calculating unavailability for different alpha cuts:  

Unavailability = lower bound + (best estimate-lower bound]) × (alpha-cut); for left leg 

Unavailability = upper bound + (best estimate-upper bound]) × (alpha-cut); for right leg 

Software has been developed for carrying out these analyses. If the model output 

expression is non-linear then optimized vertex method shall be used [21]. As the present 
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output expression is simply the sum of products of component unavailabilities, simple 

alpha-cut method is sufficient. The resulting fuzzy number for MCPS unavailability is 

shown in Fig. 3. Not surprisingly, the range of resulting unavailability at alpha = 0 is the 

same as for interval analysis. At alpha-level 0, obviously the most conservative range is 

displayed, where as at alpha-level 1 the most optimistic estimation is presented. The 

intermediate alpha levels can only be interpreted as alpha increases, the level of 

conservatism decreases.  

Benefits: Fuzzy arithmetic is the generalization of interval analysis and computations are 

easy to carry out. It does not require detailed empirical information like shape of 

distribution, dependencies and correlations. Fuzzy numbers are robust representation of 

uncertainty when empirical information is very sparse.  
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Fig. 3: Resulting Fuzzy Number for Unavailability of MCPS 

 

Limitations: Fuzzy arithmetic is inherently conservative as inputs are treated fully 

correlated. The meaning of alpha, the level of conservatism, is not clear and because of 

this it is not yet widely used in performance analysis [6].  The level of conservatism with 

fuzzy arithmetic is in between interval analysis and Monte Carlo based methods. Repeated 

parameters may constitute a computational problem leading to unnecessarily conservative 

results. But fuzzy numbers handle certain types of uncertainty better than probabilistic 

methods and vice versa. Nevertheless, no methods are available with in fuzzy framework 

to keep different types of uncertainty separate in an analysis. 

3.2.3 Monte Carlo Simulation 

Probabilistic approaches characterize the uncertainty in the parameter by a probability 

distribution. The base resource document for failure data given by USNRC [38] and IAEA 

[39] suggests considering lognormal distribution for epistemic uncertainty in 

unavailability. With the more plant specific information available, Bayesian updating 

technique will be used to get better estimations by integrating new evidence with the prior 

distribution.  

In the MCPS problem, lognormal distributions are considered with the median as the 

best estimate and error factor is considered as 3 [27, 35]. Crude Monte Carlo sampling 

scheme was used for the sampling procedure. 50000 iterations are used as convergence for 
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simulation. Software has been written to carry out the simulations. The resulting 

probability distribution for unavailability of MCPS is shown in Fig. 4.  
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Fig. 4: Probability Distribution for Unavailability of MCPS 

 

Benefits: The sampling based methodologies are fairly simple to implement and user-

friendly software is available for analysts. One can use information on correlation and 

dependencies between the variables to see what impact they have on the uncertainty in the 

final results even though such a study has not been attempted here.  .  

Limitations: More information is required, for example, information on distribution of 

variables and their correlations. This forces the analyst to make assumptions, for example, 

independent variables, which might lead to narrower distribution for the system 

characteristic than justified. It is not possible to separate aleatory and epistemic 

uncertainty with in the classical Monte Carlo approach. 

3.2.4 Dempster-Shafer Theory 

Former methods can handle either with model parameters having probability distributions 

or fuzzy membership functions. Uncertainty quantification based on Dempster-Shafer 

theory is explored here in the context of availability models where certain parameters of 

model are probability distributions and certain parameters of model are fuzzy membership 

functions and presented in this section. 

In the MCPS problem using evidence theory, information used in fuzzy arithmetic 

(section 3.2.2) for unavailability of UPS switches (3) and batteries (4) and information 

used in Monte Carlo simulation (section 3.2.3) for remaining components (17) is 

considered here. Thus 7 fuzzy numbers and 17 probability distributions are there for 

propagation. Computer code has been developed to carry out the calculations. The 

resulting Belief and Plausibility distributions for Unavailability of MCPS which were 

calculated with 50000 iterations are shown in Fig. 5.  
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Fig. 5: Belief and Plausibility Distributions 

 

Benefits: General theory which contents probability and possibility theories. This can 

handle uncertainty quantification of model which is having some parameters as probability 

distributions and some parameters as possibility distributions. It can give common 

framework for imprecision and variability modelling.  

Limitations: One of the major difficulties in applying evidence theory to an engineering 

system is the computational cost. Unlike the probability density function or possibility 

distribution function (membership function of fuzzy variable), there is no explicit function 

of the given imprecise information in evidence theory. Since many possible discontinuous 

sets can be given for an uncertain variable instead of a smooth and continuous explicit 

function, intensive computational cost might be inevitable in quantifying uncertainty using 

evidence theory. However, with the incredible development in the computer technology 

for data processing at unprecedented levels, the computational cost is no longer a 

limitation. 

3.3 Observations from Case Study 

The four methods, namely, interval arithmetic, fuzzy arithmetic, Monte Carlo simulation 

and Dempster-Shafer theory are different from each other, in terms of characterizing the 

input parameter uncertainty and also in kind of propagation from parameter level to model 

output level. All the four methods have different desirable and undesirable features making 

them more or less useful in different situations.    

The uncertainty bound given by interval arithmetic and fuzzy arithmetic is [1.44E-7, 

1.17E-5] whereas the same with Monte Carlo simulation (98% confidence limits) is 

[7.86E-7, 4.5E-6]. This shows that interval and fuzzy approaches are conservative 

compared with Monte Carlo method. The former methods are inherently conservative 

whereas the latter method can underestimate uncertainty in certain cases due to 

assumptions such as independent variables. Moreover, interpretation of uncertainty for 

intermediate alpha-cut values in fuzzy arithmetic is not as clear as with probabilistic 

approaches. However, resources required for doing interval and fuzzy arithmetic, for 

example, computational requirements and information of uncertainty at component level 

are less. Fuzzy arithmetic is less conservative than interval arithmetic as repeated 

parameters may constitute a computational problem, leading to unnecessary conservative 



Epistemic Uncertainty Propagation in Reliability Assessment of Complex Systems 81 

results with interval arithmetic. When there is limited empirical information, one can make 

use of subjectively assigned distributions and carry out fuzzy arithmetic at less 

computational burden. But if one wants to use information on correlations and 

dependencies between variables and detailed information is there about uncertainties in 

parameters, then Monte Carlo simulation is suitable.  Dempster-Shafer theory contents 

probability and possibility theories and can handle uncertainty quantification of model 

which is having some parameters as probability distributions and some parameters as 

possibility distributions. It can give common framework for imprecision and variability 

modelling. One of the major difficulties in applying Dempster-Shafer theory to an 

engineering system is the computational cost. Since many possible discontinuous sets can 

be given for an uncertain variable instead of a smooth and continuous explicit function, 

intensive computational cost might be inevitable in quantifying uncertainty using evidence 

theory.      

4. Conclusions 

In spite of several potential applications of reliability assessment for its system 

effectiveness, the uncertainties associated with parameters, models, phenomena and 

assumptions are limiting its usage. Knowing the sources of uncertainty involved in the 

analysis plays an important role in handling it. If one knows why there are uncertainties 

and what kinds of uncertainties are involved, one has a better chance of finding the right 

methods for reducing them. Problem of acknowledging and treating uncertainty is vital for 

quality and practical usability of the analysis results. Uncertainty propagation methods 

focus on how one can assess the impact of these uncertainties in the input parameters on 

the model output. 

The different approaches available in the literature for propagation of uncertainty are 

discussed. They are different from each other, in terms of characterizing the input 

parameter uncertainty and also in propagation from parameter level to model output level.  

A case study on 240V AC MCPS of a typical Indian NPP has been carried out, in which 

different features of methods of uncertainty propagation surveyed are highlighted. 

However, the different approaches to dealing with uncertainty presented have proved to 

possess different desirable and undesirable features, making them more or less useful in 

different situations. When there is limited empirical information, one can make use of 

subjectively assigned possibility distributions and carry out fuzzy arithmetic at less 

computational burden. But if one wants to use information on correlations and 

dependencies between variables and detailed information is there about uncertainties in 

parameters, then Monte Carlo simulation is suitable. In availability models where there are 

both probability and possibility distribution parameters, Dempster-Shafer theory based 

approach is found to be the only suitable for uncertainty propagation.  
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