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Abstract
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Estimating reliability parameters of components in Nuclear Power Plants (NPP) have
in this thesis been proved to be significantly influenced by assumptions on
homogeneity regarding reliability parameters, especially when it comes to uncertainty
analyses. The uncertainty analysis is performed as a part of Probabilistic Safety
Assessment (PSA) which is compulsory and implemented by practically all NPP
worldwide. The findings in this thesis therefore highlight statistical homogeneity tests
as a relevant approach in order to evaluate which of the two homogeneity assumption
that is preferable. However, other principles/factors are also important to consider
before generalizing homogeneity or inhomogeneity: the characteristics of the
components for which the parameters are estimated, the differences of the
uncertainty distributions of the parameters yielded for the two assumptions, but also
the sampling method used when performing the PSA:s. In order to examine the
relevance of statistical tests as an approach to answer which of the two homogeneity
assumptions that is preferable, the methodological approach has been divided into
three different parts with a theoretical, a quantitative and a qualitative approach
respectively. The significant differences of the PSA outcome have been confirmed by
estimating reliability parameters both by assuming homogeneity and inhomogeneity
and then in turn inserting these in an authentic PSA model. Experts in the field of PSA
were consulted when analyzing the results of the performed PSA:s and to survey
other principles of importance when evaluating the two assumption of homogeneity
and inhomogeneity.
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Populärvetenskaplig sammanfattning  
Trots de extremt höga krav som ställs på säkerheten hos ett kärnkraftverk, så inträffar 

ibland kritiska fel på komponenter. Dessa fel skulle i värsta fall kunna bidra till allvarliga 

olyckor. Information om dessa kritiska fel sammanställs och lagras i en databas. Det kan till 

exempel vara information om hur många fel som har inträffat för en pump under den tid 

som pumpen varit i drift. Med hjälp av statistiska metoder, exempelvis Bayesiansk 

skattningsmetodik, kan sedan tillförlitlighetsparametrar för pumpen eller andra 

komponenter skattas med hjälp av dessa insamlade feldata. Tillförlitlighetsparametrar 

beskrivs av sannolikhetsfördelningar och används i probabilistisk säkerhetsanalys (PSA), 

som är ett analytiskt verktyg för att bland annat beräkna frekvensen av att en härdsmälta 

inträffar. PSA:er syftar till att identifiera och rangordna svagheter i anläggningens 

säkerhetsutformning och därigenom kan dessa svagheter på ett mer effektivt sätt förbättras.  

Detta examensarbete behandlar olika homogenitetsantaganden av komponenters 

tillförlitlighetsparametrar, som måste beaktas innan de kan estimeras. TUD är den 

organisation som ansvarar för härledning av dessa parametrar i de nordiska länderna. TUD 

gör antagandet att alla komponenter inom en kärnkraftanläggning har inhomogena 

tillförlitlighetsparametrar. Detta innebär att varje enskild komponent tilldelas sin egen 

individuella tillförlitlighetsparameter, som sedan ”summeras” för komponenter som kan 

anses tillhöra en komponentpopulation. Tillskillnad från TUD antar ZEDB, som är TUD:s 

tyska motsvarighet, att komponenter i en population har homogena 

tillförlitlighetsparametrar. Detta innebär att feldata summeras för komponentpopulationen 

och sedan skattas deras gemensamma parameter direkt. Tillförlitlighetsparametrarnas 

egenskaper influeras starkt av dessa två antaganden och därmed finns ett intresse av att 

utreda vilken av de två antagandena som är att föredra. En fördel med det homogena 

antagandet är att dataunderlaget blir större vilket ger bättre skattningar, det vill säga enbart 

om detta antagande har gjorts på korrekta grunder.  

 

Det finns studier, i vilken statistiska homogenitetstester har tillämpats för att undersöka om 

komponenter i en population kan anses ha homogena eller inhomogena 

tillförlitlighetsparametrar. Syftet med detta examensarbete är att undersöka relevansen av 

att sådana tester ligger till grund för att bestämma ifall ett antagande om homogenitet eller 

inhomogenitet bör tillämpas. För att undersöka detta har parametrar beräknats fram genom 

att anta både homogenitet och inhomogenitet och sedan har de implementerats i en 

autentisk PSA-modell. Detta för att kunna urskilja ifall de både antagandena i praktiken ger 

en signifikant skillnad på resultatet i en PSA, som är slutanvändningen av dessa 

parametrarna. Resultatet visade att det går att se en skillnad, när man jämför de 

sannolikhetsfördelningar som erhålls från PSA:erna. Av denna anledning kan det vara 

aktuellt att verifiera homogenitet eller inhomogenitet i komponentpopulationer med hjälp 

av statistiska homogenitetstester. Dock bör dessa testresultat inte vara det enda att beakta 

vid val av homogenitetsantagande.  

 

Av praktiska skäl bör endast ett antagande användas för alla parametrar även om 

komponentpopulationerna i vissa fall är homogena och i andra är inhomogena och valet av 

antagande bör då även underbyggas av hur stort inflytande de olika  
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komponentpopulationernas tillförlitlighetsparametrar har i PSA. Dessutom bör det iakttas 

hur dessa parametrar behandlas i själva PSA:erna, olika typer av ”samplings metoder” 

används och det kan vara intressant att vidare studera vilken sampling metod som är 

lämpligast för respektive antagande.  

 

För att understödja resultatet i denna studie, finna ett mått för att kunna jämföra de olika 

resultaten, samt för att undersöka andra faktorer som bör iakttas vid val av antagande 

konsulterades flertalet experter världen över. En enkät distribuerades till de utvalda 

experterna med frågor om deras synpunkter på de olika antagandena samt vilken metod 

som tillämpades i deras land. De visade sig att de flesta ifrågasatte 

inhomogenitetsantagandet på grund av bristen av data som medföljer antagandet samt 

problem med att antagandet är inkonsekvent. De experter som förespråkar 

inhomogenitetsantagandet hävdar att detta är detta är det mest realistiska antagandet 

eftersom hänsyn tas till variation inom en population. 
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1. INTRODUCTION 
Despite the extremely high security and safety requirements on Nuclear Power Plants 

(NPP:s), critical failures of the components sometimes occur.1 These failures can in the 

worst cases lead to severe accidents. Primary data of previously occurred critical errors are 

collected and stored in a central database. These so called failure event data can then be 

used to estimate reliability parameters (failure rates and failure probabilities) which are 

provided for the unavailability computations in the Probabilistic Safety Assessments (PSA). 

PSA:s are compulsory and implemented by practically all NPP:s worldwide, and can be 

seen as a tool to investigate the significant risk of various aspects of NPP design and 

operation, i.e. PSA can be used to identify accident sequences as a result of an initiating 

event or to provide estimates of accident frequencies and consequences.2  

 

TUD is the organization responsible for deriving reliability parameters from operational 

data in the Nordic countries.3 The statistical methods used by TUD to obtain reliability 

parameters are based on Two-Stage Bayesian statistics. ZEDB, TUD’s German equivalent 

uses similar methods for assessing reliability parameters from failure event data.4 However, 

the most important difference between ZEDB and TUD methods lies in their assumption 

about homogeneity or inhomogeneity among the components’ reliability parameters. This 

assumption influences how populations of components are created at data level. TUD 

makes the assumption that all components within a plant have inhomogeneous reliability 

parameters; individual reliability parameters. Data from each and every component should 

therefore be handled individually. In contrary, ZEDB assumes that components of the same 

type within a plant are homogeneous with respect to the reliability parameters and thus the 

failure event data are pooled, the number of failure and operating or standby time is 

summarized, before the parameters are estimated. 

 

There is no worldwide consensus of what assumptions should be made in order to assess 

reliability parameters from operational data. Additionally, the motives for assuming 

homogeneity or inhomogeneity are not clearly stated and seem rather to be based on 

principles and postulates than on valid tests. It might therefore be a need for a formalized 

statistical methodology to support the chosen assumption. The homogeneity and 

inhomogeneity assumption are of great importance since the property of a reliability 

parameter’s uncertainty distribution is affected and this could in turn possible influence the 

results of a PSA. The latter assumption gives a broader uncertainty distribution; this implies 

that TUD’s method gives larger uncertainties compared to ZEDB’s method. In a recent 

published thesis; Test and analysis of homogeneity regarding failure intensity of 

components in Nuclear Power Plants by Höge (2009), statistical tests (homogeneity tests) 

have been made to examine whether the components’ reliability parameters should be 

regarded as homogeneous or inhomogeneous. The tests show that most of TUD’s 
                                                
1
 Critical failures are “failures that stop the function of the component or lead to repair”. (T6, 2005, p.23) 

2
 An initiating event is “an undesired event that causes disturbance in the system which requires automatic or 

manual activation of the plant’s safety systems”. (Kumanmoto & Henley, 1996, p.104). 
3
 TUD is an abbreviation for Tillförlitlighet, Underhåll och Drift.  

4
 ZEDB is an abbreviation for Zentrale Zuverlässigkeits- und Ereignis Datenbank (in English: Centralized 

Reliability and Event Database). It might be more correct to say that RISA is TUD’s German equivalence. 
More information of the organizations of TUD and ZEDB can be found in Chapter 2. 
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populations of operating components are homogeneous, but the standby components are to 

a greater extent inhomogeneous. However, statistical test cannot give unambiguous 

answers, and shortage of failure event data can indicate that such tests are not always 

meaningful. Höge (2009) also states that it is necessary to give emphasis to more issues in 

this subject to be able to answer the question of which assumption that is preferable. There 

is no survey investigating how important the homogeneity assumptions are regarding to the 

practical applications of the reliability parameters. If the different assumptions have a 

significant influence on the end result in PSA:s, it is important to evaluate what assumption 

should be used. The PSA outcome may not be affected by the different assumptions and, if 

so, does it matter which assumption that is chosen? The objective in this thesis has emerged 

from these formulated issues and is stated below. This thesis can be seen as a complement 

to the homogeneity tests made by Höge (2009). 

1.1 Object 
The object of this thesis is to examine the relevance of statistical tests as an approach to 

answer the question; which of the two homogeneity assumptions is preferable? In order to 

answer this question the objective will be further divided into two areas. Firstly, the impact 

of the two different homogeneity assumptions on the PSA outcome should be evaluated. 

Secondly, since assumptions, as pointed out by Höge (2009), often are based on principles 

and postulates to “compensate” for the shortage of empirical evidence (statistical tests etc.), 

the second part of the object is to discuss what principles should be considered when 

assumptions cannot be fully supported by tests.  

1.1.1 Tasks 
The underlying issues to be dealt with in order to fulfill the object in this thesis are 

summarized in the four questions below and each question is followed by an explanation to 

increase the understanding.5 
 

1)  What are the advantages of assuming homogeneity/inhomogeneity among 

components? 

2)  What are the disadvantages of assuming homogeneity/inhomogeneity among 

components? 

 

It is necessary to discuss the “advantages” and “disadvantages” with respect to the different 

assumptions. When adopting the assumption of homogeneity more data are obtained which 

in turn leads to more narrow uncertainty distributions and higher significance. 

Nevertheless, narrow distributions are not advantageous in a proper sense if they have none 

or little influence on the actual PSA result or if the assumption of homogeneity is incorrect. 

Secondly; the assumption of inhomogeneity gives broader uncertainty distributions and is 

more likely to cover “the real value” when outliers are taken in to account. Thus, these 

broader distributions are in a sense more conservative. On the other hand, there are 

indications that the assumption of homogeneity might be more conservative in high 

                                                
5
 A more thorough discussion and statement of the problem can be found in Chapter 3. 
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redundancy systems.6 This observation leads to a third issue that must be considered before 

the first two questions can be answered: 

 

3) What are the relations between assumptions of homogeneity/inhomogeneity and 

conservativeness? 

 

Finally, TUD are generalizing inhomogeneity for all its components, i.e. even for 

components that are not obviously inhomogeneous and on the contrary ZEDB are normally 

seeking homogeneity. It is essential to know if apparently homogeneous components 

should be generalized as inhomogeneous or vice versa. This calls for the following 

question: 

 

4)  What principles should be considered when assumptions cannot be fully supported 

by test results?  

1.2 Methodological Approach 
Here follows a brief description of the method used in this thesis to fulfill the object. The 

methodological approach is divided into three different parts: a theoretical, a quantitative 

and a qualitative approach. The theoretical part consisted of studies of previous benchmarks 

on ZEDB and TUD methods to achieve an understanding of the two homogeneity 

assumptions and the motives behind these. Studies of literature of reliability theory and 

unavailability calculations have been made in order to enable a theoretical discussion of 

conservativeness in redundant systems for the two assumptions. As a result; a theoretical 

evaluation of a conservative assumption is found in Chapter 5. This theoretical approach 

has also enabled a discussion of advantages and disadvantages of the different methods. 

1.2.1 Quantitative approach 
A quantitative approach has been applied to evaluate the impact of the two different 

homogeneity assumptions on the PSA outcome. By this doing, investigate if the practical 

applications of the reliability parameters show a significant difference. Furthermore, as a 

complement to the theoretical studies, evaluate the relations between assumptions of 

homogeneity/inhomogeneity and conservativeness in practice. Literature of PSA, theory 

manuals of T-Code and RiskSpectrum
®
 and discussions with experts of RiskSpectrum

®
 at 

Relcon Scandpower AB has contributed to the choice of the quantitative test design. 

Reliability parameters have been estimated for both homogeneity assumptions using the 

computational algorithm T-Code and failure event data of the Nordic NPP:s. T-Code and 

data files have been received from the TUD office. The estimated parameters have been 

used in an authentic PSA-model of a Nordic BWR.7 The analysis and computations of the 

PSA-model have been performed in RiskSpectrum
®

 PSAP.
8
 A complete description of the 

quantitative test design is found in Chapter 6. 

                                                
6
 See Höge (2009). 

7
 A Nordic BWR is an abbreviation for a Nordic NPP of the type; Boiling Water Reactor. Note: the frequencies 

of the top event derived in this thesis should not be regarded as authentic values, since the basic data in 
the model have changed.  

8
 RiskSpectrum

®
 are used as an abbreviation for RiskSpectrum

® 
PSAP. 
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1.2.2 Qualitative approach 
The aim of the fourth question found in Section 1.1.1, is to discuss the importance of my 

quantitative test results and thereby also evaluate the relevance of statistical tests. The 

qualitative methodological approach therefore comprises interviews conducted with experts 

engaged in PSA and safety issues. The ambition is to give a description of assumptions and 

principles applied worldwide, to identify if there is a dominant approach and possibly 

distinguish well justified motives to generalize the assumption of homogeneity or 

inhomogeneity for components. The mapping of assumptions and principles applied 

worldwide have been performed by handing out a questionnaire (email interview) to 

experts of PSA across the world, both in world leading countries of the nuclear sector but 

also smaller and start-ups in the nuclear field. Experts in a total of nine countries (including 

Sweden and Germany) were consulted. The questionnaire consisted of a brief description of 

this project and questions which concerned the assumption they use and their motives 

behind it. Moreover, the interviewees were asked to comment on the Nordic approach. 

Some sparse response also demanded follow-up questions.  

 

A telephone interview with Lindahl, reactor safety analyst at OKG, was also conducted in 

order to find a measurement to evaluate and compare the outcome of the performed PSA:s 

and to discuss the relevance of the empiric results and statistical tests, see Chapter 7.
 9

  

1.3 A readers guide 
Explanations of basic concepts underlying this thesis; PSA, reliability parameters, 

statistical methods to derive the reliability parameters and explanation of the homogeneity 

and inhomogeneity assumptions are found in Chapter 2. This chapter also includes a 

description of the project behind this thesis and an explanation of the organizations of TUD 

and ZEDB. The theoretical framework underlying the quantitative test design is found in 

Chapter 3. It is possible to skip Chapter 2, and Chapter 3, if the reader is familiar with the 

basic concepts behind this thesis and has knowledge about PSA and RiskSpectrum
®
. 

However, it is important to understand the content of these chapters in order to fully 

understand the statement of the problem underlying this thesis, which is described in 

Chapter 4.  

 

The theoretical concepts of a conservative assumption and the uncertainty of a parameter 

are discussed in Chapter 5. A thorough review of the quantitative test design; methodology, 

tools, and delimitations, can be found in Chapter 6.  The qualitative results are found in 

Chapter 7 and the quantitative test results are presented in Chapter 8. Mapping of the 

different assumptions regarding reliability parameters made worldwide is found in Chapter 

7. Chapter 7 also includes expert judgments regarding the subject of the different 

homogeneity assumptions and the results achieved in this thesis and there are also defined 

how the results of the PSA:s should be interpreted. Finally, the discussion and conclusions 

are found in Chapter 9 and 10. All abbreviations appearing in this thesis can be found in 

Appendix A. These are also explained and found in parenthesis the first time they appear. 

Definitions and concepts are explained when they first arise, either in the text or in 

                                                
9
 OKG is a Company in the corporate group of E.ON, which owns and operates three of the Nordic NPP:s  
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footnotes. A summary of important definitions and concepts can also be found in 

Appendix A. 

2. BACKGROUND 

2.1 The project behind the thesis 
The project behind this thesis aims to examine appropriate homogeneity assumptions and 

the opportunities for consensus between the Nordic and German PSA communities 

regarding assumptions of homogeneity among components within NPP. Ultimately, this 

will help to increase the credibility and realism in the development of reliability parameters 

for PSA and decrease the uncertainties of the parameters in the T-Book when motivated.10  

 

This project is divided into three phases. In the project’s first phase the homogeneity 

assumptions was studied from a statistical perspective by so-called homogeneity tests. The 

first phase resulted in a diploma thesis Test and analysis of homogeneity regarding failure 

intensity of components in Nuclear Power Plants by Höge (2009). This thesis represents 

phase 2. In phase 3, the results from previous phases will be summarized and further 

recommendations will be given. This thesis was conducted at Relcon Scandpower AB and 

Systecon AB, and is a part of the fulfillment of the Master of Science Program in 

Sociotechnical Systems Engineering at Uppsala University. 

2.2 Introduction to Probabilistic Safety Assessment 
A brief introduction to Probabilistic Safety Assessment (PSA) is given here; see Section 3.1 

for a more detailed explanation. PSA is an analytical tool commonly used for assessing 

safety of NPP:s and give insights to problem areas in both the design and operation 

procedures of nuclear plants. PSA can derive quantitative estimates of the frequency, e.g. 

frequency of a core meltdown. The uncertainties of these estimates can also be derived by 

so called uncertainty analysis. In order to quantify the risks of NPP:s it is necessary to 

calculate the unavailability of components in the NPP.11 The components (more correctly; 

basic events, see Section 3.1) are assigned reliability models used for estimating the 

unavailability of the components (basic events). There are different kinds of reliability 

models depending on the type and function of the component. The unavailability of a 

component is calculated by assigning reliability parameters to the reliability models. 

(Faghihi, et al., 2007)  

2.2.1 Reliability Parameters 
The reliability parameters are derived from failure event data; number of previous occurred 

critical errors and corresponding operational or standby time. Failure event data are found 

in databases along with other technical specifications of the components. The reliability 

parameters are usually estimated using a Two-Stage Bayesian method and are described by 

uncertainty distributions. The statistical methods to estimate these parameters and the major 

difference of TUD’s and ZEDB’s methods can be found in Section 2.4.  

                                                
10

 See Section 2.3.1, for an explanation of the T-Book and Section 3.1 for an explanation of PSA. 
11

 The unavailability is the probability that a component (or a system) is in a failed state at a given time. 
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2.3 The institutional context 

2.3.1 The Nordic TUD-system 
Essential information on failure event data of Nordic NPP:s are collected, stored and 

processed by the TUD-system.12 The heart of this system is the TUD-database in which 

failure event reports, component descriptions, maintenance data and operation time from 

each Nordic NPP are collected over totally 315 operating years.13 The TUD-database is 

owned by the Nordic utilities and administered by the TUD-group.14 Information (number 

of failures and operational time) about critical failures, found in the TUD-database is used 

when estimating the reliability parameters. These parameters are published in the T-book. 

The aim of the T-Book is to provide and improve reliability parameters of components that 

are a part of PSA:s. The computation of reliability parameters is carried out using the 

computer algorithm T-Code, which is designed by Pörn Consulting and administrated by 

the TUD-group. See Figure 1 for a schematic view of the TUD-system. (T6, 2005)    

 

 

 
 

Figure 1 - The figure is a schematic view of the TUD-system. The arrows are illustrating 

how the information about critical failures is moved about. The Swedish Radiation Safety 

Authority (SSM) is managing nuclear safety and achieves failure reports from NPP:s and 

transmits failure event data information to the TUD-database. Figure derived from Höge 

(2009). 

                                                
12

 The TUD-system is my chosen abbreviation of the whole system. In the following, the umbrella term TUD will 
be used when referring to this system, if not other stated. 

13
 The TUD-group consists of representatives from all TUD-NPPs, a person from SSM and TUD office. One 

operating year is one NPP being in existence for a calendar year. 
14

 There are 14 Nordic NPP:s; Barsebäck (B1 & B2), Forsmark (F1, F2 and F3), Oskarshamn (O1, O2 and 
O3), Ringhals (R1, R2, R3 and R4) and Olkiliuoto (OL1 and OL2). All of the Nordic NPP:s except for R2, 
R3 and R4 are of the type BWR. The other three are of the type PWR. Note: Barsebäck have been taken 
out of operation due to withdrawal of Operation License.(T6, 2006, p.11).  

T-book 

T-Code 

TUD-database  
Nordic NPP:s 

 
 
 

 
 

SSM TheTUD-group 
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2.3.2 The German ZEDB-system 
There are many similarities between the German ZEDB-system and the Nordic 

TUD-system.15 The aim behind ZEDB is to provide reliability data based on previous 

operating experiences.16 The data correspond to 900 operating years and are collected at 19 

German NPPs and 2 plants in Switzerland and the Netherlands. ZEDB is the name of the 

ZEDB-system’s database with the associated computer algorithm used for estimating the 

reliability parameters; it corresponds to the TUD-database and the T-Code. RISA has 

designed the computing algorithm and the software and can be seen as an equivalent to 

Pörn consulting.
17

 ZEDB database and computer algorithm is owned by VGB and 

administrated by AREVA.
18

 Estimated reliability parameters can be found in, what I have 

chosen to call, the ZEDB-Book which is analogous to the T-book. (ZEDB, 2002). Like 

TUD’s method of parameter estimation, ZEDB is using a two-stage Bayesian model, see 

Section 2.4 for a description of the method. (Blombach & Buckermann, 2002, p.3) 

However, there is a major difference between the methods used by TUD and ZEDB and its 

concerns the assumption regarding the reliability parameters. TUD considers the reliability 

parameters of components in a population to be inhomogeneous and ZEDB makes the 

assumption that the reliability parameters are homogeneous, see Section 2.4 for an 

explanation. 19 

2.4 Statistical Methods 
This section gives a brief description of the statistical methods used to derive the reliability 

parameters. However, the section is sufficient for the reader to grasp the concept. For a 

further detailed description see for example Swaling (2006). As previously mentioned, 

reliability parameters are estimated using data of previous occurred failures and are used in 

the reliability models to calculate the unavailability of the components (basic events). The 

relations between failure event data, reliability parameters and the reliability models used 

when calculating the unavailability in PSA:s are found in Table 1.  

  

                                                
15

 The ZEDB-system is my chosen abbreviation of the whole system. In the following sections, the umbrella 
term ZEDB will be used when referring to this system, if not otherwise stated. 

16
 ZEDB is the abbreviation for Zentrale Zuverlässigkets- und Ereignisdatenbank, in English: The centralized 

Reliability and Event Database. 
17 RISA is short for RISA Sicherheitsanalysen GmbH 
18

 VGB is the abbreviation for Vereinung der Grosskraftwerksbetrieber in English; Technical Association of 
Large Power Plant Operators.  

19
 Population refers to the components that have been considered to belong to the same group.  
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 Quantities, parameters 
and models 

Are found in: Are derived from: 

Primary 
data 

 and  
(number of failures and 

operation or standby time) 

TUD-database 
ZEDB 

Collected from NPP:s 

Reliability 
parameters 

 The T-Book 
The ZEDB-Book 

Calculated using a 
computation algorithm,  
e.g. T-Code or ZEDB 

Reliability 
models 

 Fault trees in the  
Basic Events 

RiskSpectrum® 

 

Table 1 - The table summarizes the relations among primary data, reliability parameters 

and component models that are used in PSA. Three types of parameters; ,  and  are 

found in the T-Book. 

 

Equipment failures in NPP:s are relatively rare and therefore the failure event data used for 

estimation are generally sparse. For this reason it is not suitable to estimate failure rates 

with the constant point estimate  (failure rate = number of failures/operating time). 

If x in this case equals zero it would set the failure rate to zero, which is not realistic; in 

reality a component will fail sooner or later. The uncertainty of the reliability parameters 

due to lack of information is instead expressed using an uncertainty distribution. The mean 

value of this distribution is then used as a representative point estimate. The statistical 

method used for deriving this distribution is a Two-Stage Bayes, see Formula (1). (T6, 

2005, p.31)  

 

      (1) 

 

The parameter λ can be seen as a random parameter and is described by a posterior 

distribution , describing the probability distribution of λ after taken observations into 

account. The posterior distribution is derived from the prior distribution  which 

describes the knowledge before any data are collected and a likelihood function  

describing the distribution of occurred observations given different parameter values. The 

posterior distribution , is the estimate of the reliability parameters (λs, λd or q) and is 

found in the T-book or ZEDB-book.  

 

The prior probability distribution  is also estimated using Bayesian statistics and 

generic information (e.g. information from all plants in the TUD-system except for the 

plant under study). The likelihood function on the other hand consists of data from the plant 

under study. Consequently, the estimation is performed in two stages, see Figure 2. (T6, 

2005). In summary, this method is a way to combine prior knowledge, expressed as the 

prior distribution, with observed data for a specific plant, expressed as the likelihood 

function, to obtain the posterior distribution. The posterior distribution in turn shows the 

uncertainties of the reliability parameter. 
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Figure 2 - The figure shows an example; when estimating the posterior for the F3 NPP. 

The prior is estimated from all other NPP:s in the TUD-system and  only contains 

observations derived for F3. Figure derived from Höge (2009, p. 10). 

2.4.1 The assumption of homogeneity and inhomogeneity 
The major difference between the TUD and ZEDB methods of estimating the reliability 

parameters can now be more clearly described.20 Both TUD and ZEDB use the above 

described Two-Stage Bayes, but there are some differences in how the equations are 

implemented. However, a benchmark of the two methods has indicated that these tools 

“produce results that are in excellent agreement”. In the study it was also revealed that 

diverse results were achieved if different assumptions regarding the components failure 

rates were made. (T-book – ZEDB Benchmark, 2004, p.11) Thus, the major difference lies 

in the basic assumption about the components failure rate. 

 

In ZEDB the assumption is that all components of the same type within a plant are 

homogeneous with respect to their failure rates. Therefore, the failure event data for all 

components of the same type within a plant are summarized. Hence, the failure rate can be 

said to be derived from observations of one single “super component”.21 Contrary, the 

failure rates are according to TUD considered as inhomogeneous; each component should 

be treated individually. The different assumptions influence the distributions of the 

parameters. By summarizing the failure event data, more input data are used when 

estimating the uncertainty distributions leading to less dispersed distribution. (T-book –

ZEDB Benchmark, 2004, p.11). 

 

The pooling of data in the ZEDB methodology is performed before the likelihood function 

 is estimated. The derivation of the likelihood function is not proved here, but to 

                                                
20

 The TUD method is published in the doctorial thesis On Empirical Bayesian Inference Applied to Poisson 
Probability Models (Pörn, 1990) and the ZEDB’s method is published in Mathematical review of ZEDB Two-
Stage Bayesian Mode (Cooke et al., 2002) 

21
 The term super component is not used in T-book – ZEDB Benchmark (2004), but will here be used to 

illustrate that data are summarized and used for pooled components of the same type.   
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clarify; the X contained in  is the sum of all observations from components of the 

same type, see Figure 3. This implies that a plant specific posterior distribution  is 

derived for this “super component”. (Cooke et al., 2002, p.5) In the TUD methodology a 

component specific posterior distribution  is first created for each and every one of 

the n components. The n created distributions are then averaged into the plant 

specific posterior distribution . The parameters are “pooled” to a generic posterior 

parameter for components of the same type. The different methods of pooling data and 

parameters are illustrated in Figure 3. (T6, 2005) 

 

 

 
 

Figure 3 - The figure illustrates the different assumption of homogeneity and 

inhomogeneity and how TUD and ZEDB use Bayesian statistics and failure event data to 

estimate a plant specific reliability parameter of F3. The likelihood  is in the ZEDB 

methodology derived from pooled data X, which is used to update the posterior 

distribution . In the TUD methodology component specific prior distributions 

are updated with individual likelihood functions of all components. These 

posterior distributions are pooled to a plant specific posterior distribution . The 

figure is derived from Höge (2009). 

3. THE THEORETICAL FRAMEWORK 

3.1 Probabilistic Safety Assessment  
PSA is an analytical tool commonly used for assessing safety of NPP:s and give insight to 

problem areas in both the design and the operation procedures of NPP:s. The PSA-model is 

constructed by defining the initiating events of potential accidents, the response of the plant 

to these initiating events and the variety of resulting plant disturbances. The intention 

behind PSA is to identify accident sequences that can be derived from the initiating events 

and in so doing identify dominant risk contributors. An initiating event is an undesired 

event that causes disturbance in the system which requires automatic or manual activation 
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of the plant’s safety systems (Kumamoto & Henley, 1996, p.104). Furthermore, PSA can 

derive quantitative estimates of risks and quantify the uncertainties in these estimates. 

(Faghihi, et al., 2007)  

 

The Swedish Radiation Safety Authority (SSM) is monitoring all nuclear activities in 

Sweden. They require that PSA:s are performed at all the Nordic plants and the models and 

the data used in PSA:s should be as realistic as possible. Three different levels of PSA:s 

could be performed for a NPP and level 1 and 2 are required. In this report PSA of level 1 

will be performed, which is used for analyzing the frequency of a core meltdown.
22

 (SSM, 

2009)  

3.1.1 Fault trees 
The calculations of PSA are performed by using fault trees to calculate the frequencies or 

probabilities of undesirable events.23 A fault tree is a logical tree built up by different 

building blocks, the topmost block is called the top event and it represents an initiating 

event or system failure. The fault tree consists of combinations of events that can contribute 

to the top event. At the bottom of the fault trees are the basic events, which correspond to 

different failure modes such as “failure to start” or “spurious stop” for a pump (T6, 2005, 

p.24). A component can have more than one failure mode and such failure modes contain 

information about either failure probabilities or failure frequencies, depending on whether 

the failure occurs in discrete or continuous time. Thus, the basic events symbolize failure of 

a component that can contribute to cause the top event. The causal and logical relationships 

among the events in a fault tree are described using a hierarchical structure and logical 

gates; see an example of a fault tree in Figure 4. A k-out-of-n gate describes that a system 

fails if and only if at least k of the n input events to the gate fail. Higher reliability of a NPP 

is often ensured through the introduction of redundancy, that is, one or more reserve units 

in shunt. The k-out-of-n gate describes the logic of this redundant system. The most 

common gates are AND or OR-gates. These can be considered as a special case of the k-

out-of-n gate; n-out-of-n and 1-out-of-n respectively. A gate can have many input events but 

only one output event. (Kumamoto & Henley, 1996)24 A cut set is a collection of basic 

events, such that if all the events in the cut set occur, the top event will surely occur. A 

minimized combination of events, which together causes the top event, is called a Minimal 

Cut Set (MCS). (Rausand, 1994, p.106) 

 

 

                                                
22

 The other two levels; level 2 and level 3 are used to calculate the probability of emissions of nuclear 
substances outside the reactor containment, to the surroundings and its consequences.   

23
 Frequency describes the number of occurred events per time unit and is used for initiating events, 

sequences and consequences. The time unit in this thesis is; year. Probability describes the knowledge or 
belief that a event occurs; it is a value in the interval . 

24
 Kumamoto and Henley (1996) are using the term Probabilistic Risk Assessment (PRA). PSA and PRA can 

be used interchangeably. 
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Figure 4 – The figure shows an example of a fault tree with the logical AND and OR-gates. 

The top event is an undesirable event and it occurs if the events E, C or D are realized. In 

turn, the event E occurs if and only if both of the basic events A and B occur. 

3.1.2 Reliability models  
Each basic event must be associated with a reliability model in order to perform a 

quantitative analysis of a fault tree. The reliability models consist of mathematical 

equations that are specifying the computations of the reliability characteristics for a basic 

event.25 There are six different types of reliability models used in RiskSpectrum
®
. One of 

those can be found in Equation (1), which describes the unavailability  of a 

non-repairable component. (RiskSpectrum
® 

Analysis Tool, p.6) 

 

      (1) 

3.1.3 Reliability parameters 
The reliability models require parameters, e.g.  in Equation (1), which is derived from 

failure event data. The use of a fault tree and PSA therefore underlines the importance of 

collecting and processing the failure event data from NPP:s in a reliable way, since this 

information is used when estimating the reliability parameters. The uncertainty 

distributions of the reliability parameters are propagated through the PSA-model to yield a 

distribution describing the uncertainty about the top event quantification. (T6, 2005) 

3.1.3.1 Reliability parameters in the T-Book 
The reliability parameters are presented in the T-Book and are described by the mean and 

three percentiles (5
th

, 50
th

 and 95
th

) in tables. Each table represents a failure mode of a 

component type and the table consists of parameters for every plant pertaining to the TUD-

system and a generic distribution for all plants, see Appendix B.26 (T6, 2005, p.39) A 

                                                
25

 The reliability characteristics used in RiskSpectrum
®

 are; unavailability at time t, Q(t), Probability, Q, and 

unconditional failure intensity at time t, W(t).   
26

 A distribution based on operational statistics of all plants in TUD, is called generic in the tables of T-book. 
(T-book, 2005, p.34) 
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component in the T-Book is defined by its function in the system, i.e. its position in the 

system that it belongs to. Except for the main component, equipment related to it, are also 

included in the component’s boundary. If a component is replaced with another of the same 

type, it is considered to be the same component from a failure event data statistics 

perspective.
27

 In PSA-modeling the same physical component can have more than one 

failure mode, thus be represented in more than one T-Book table. (T6, 2005) 

 

The failure propensity of a component is described by the components reliability parameter, 

three different kinds of parameter models used for estimating reliability parameters are 

found in the T-Book; 

 

 The parameter model  is used for calculating the failure rate, ,  of 

continuously operated components. The failure rate represents the failures that 

occur during the operation time.  

 

 The parameter model  is used for calculating the failure rate, , of standby 

components represent and the failures that occur during the standby time.  

 

 The so called  parameter model is a more complicated parameter model 

used for standby components. There  represents the probability of failures 

occurring at demand occasions and  represent the failure rate of failures that occur 

during the standby time.  

 

The probability of failures occurring at demand occasions, , was in the first versions of the 

T-Book used as a parameter model for standby components. It was replaced with the 

parameter model  since it was discovered that failures occurring at demand occasions 

often were dependent on the time under which the component had been in a standby 

position, see Figure 5. The replacement was also due to practical reasons since the 

estimation of  requires the number of activations, which is not always known. The number 

of activations during tests is known but the real number of activations is not always known. 

In reality, both demand and time related failures occur for standby components, hence the 

parameter model  was developed. This model is now used for most of the 

standby components in the T-Book. When the number of activations is not known the 

parameter model   is used. (T6, 2005, p.32) When the parameter model  is 

used, the parameters  and  have joint uncertainty distributions, thus it is difficult to 

represent these two-dimensional distributions in the T-Book tables. The marginal 

distributions of  and  are instead presented separately in the tables. (T6, 2005, p.40) The 

parameter model  used in T-Code have been revised by Cooke (1995), the combined 

parameter model  have not been revised. 

 

                                                
27

 Note: if a component is replaced the new component and the old will be considered as the same component 
regarding to failure statistics. (T-book, 2005, p.30) 



 

14 

 
  
Figure 5 - The figure illustrates that failures can occur when the component is in standby 

position or at the demand occasions. 

3.1.4 Consequences 
If an initiating event occurs it influence the plant and an end state may occur, it can for 

instance be a core meltdown or safe shutdown condition. A consequence groups together 

sequences which lead to the same end state and is thereby defining a top event in the 

PSA-model. When a consequence analysis is performed it can be limited to evaluate 

sequences derived from one initiating event or a group of initiating events. The 

consequences that will be analyzed in this report are core damages of category 1, 2 and 3 

for a group of all internal events as initiating events, see description below.   

 

 Core damage category 1 (CD1) derived from failure of reactivity control. 

 Core damage category 2 (CD2) derived from reactor coolant make-up. 

 Core damage category 3 (CD3) derived from loss of residual heat removal. 

3.1.5 Common cause failures 
Common cause failures (CCF) can be described simply as failures caused by the same 

reason occurring at the same time and these are dominating contributors to risk. CCF:s are 

assumed to affect two or more components at the same time. In the worst case these failures 

can occur at the same time for redundant units in shunt, leading to failure of a system. 

These dependent failures are often dominating contributors to the quantity of the top event 

and it is therefore important to model CCF:s in the PSA-model. CCF:s are modeled by 

changing the fault tree so that components belonging to a CCF group are linked. In order to 

estimate the probability of CCF event which involve the components in the CCF groups a 

computation model needs to be selected from among the available models. 

(Hellström, 2006) 28 The original uncertainty distribution and the mean value of a top event 

will be influenced when it is part of a CCF-group. The shape of the uncertainty distribution 

will only change slightly, but it might be shifted sideways.
 

                                                
28

 Available CCF computation models are the Multiple Greek Letter model, Extendend Comon load Model and 
the Alpha Factor model. a more thorough explanations of how the CCF models works see for example; 
Hellström (2006). 

Failures 

occuring

when the 

component  is 

in its standby 

position.

Failures occuring at 

the demand 

occasion.

demand demand demand demand
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3.1.6 Analyses  
In order to quantify a fault tree, a software program is needed to execute the operations, e.g. 

RiskSpectrum
®
 PSAP.29 Different kinds of analyses can be performed and this section 

describes the objective of MCS analysis, uncertainty analysis and importance 

measurements as they are performed. 

3.1.6.1 MCS analysis and top event quantification 
The goal of deriving MCS analysis is to generate the minimal cut sets of the fault tree, and 

to perform a point-estimate quantification of the top event. The MCS generation of a fault 

tree is a comprehensive task and the run time and the memory requirements grow 

exponential with the size of the problem.30 A MCS list of all minimal cut sets will be 

derived when performing MCS analysis in RiskSpectrum
®
, this MCS list is necessary in 

order to calculate the probability or frequency of the top event. (RiskSpectrum
®
 Analysis 

Tool, p.36)  

 

The frequency/probability of the top event is achieved by first calculating the probabilities 

of the basic events based on the reliability models and parameters assigned to them. The 

unavailability of CCF:s and sub fault trees is also calculated. All these frequencies and 

probabilities are then “summarized” in order to achieve the quantitative point-estimate 

quantification of the top event.31 (RiskSpectrum
®
 Analysis Tool, p.42) These calculations 

uses the mean values of the parameters (the uncertainties of the parameters are not 

considered) and such an analysis will from now on be called a point estimate analysis.  

3.1.6.2 Importance and sensitivity measurements 
Different kinds of importance and sensitivity measurements are used in order to identify 

important features of the PSA-model, i.e. important parameters, basic events or groups of 

basics events. Calculations made in RiskSpectrum
®
 of the importance and sensitivity 

measurements of a parameter are described here. Firstly, the frequency/probability of the 

top event  is calculated with the value of a parameter as it is modeled in the 

PSA-model, this value is called the nominal value. Secondly the frequency/probability of 

the top event is once again calculated  but this time the parameter will be 

assigned with its “best theoretical value”, which is X=0. This means that the parameter 

influences the basic events to be reliable and is the decreased 

probability/frequency. The importance measurement called Risk Decrease Factor (RDF) 

can be derived with Equation (2).32 (RiskSpectrum
®
 Analysis Tool, p.55) 

 

.       (2) 

 

                                                
29

 RiskSpectrum
®

 is a management system provided by Relcon Scandpower AB, which can be used for 

creating and analyzing reliability models in PSA projects.   
30

 An example of the algorithm MOCUS used for deriving MCS can be found in Hoyland & Rausand (1994). 
31

 In this last step several different methods can be applied, these will not be more carefully described in this 
chapter.  

32
 Risk decrease factor is also known as risk reduction worth.  
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RDF represents the maximum decrease of the probability/frequency of the top event for an 

improvement of the element associated with the basic event (van der Borst & Schoonakker, 

2001, p.242). Contrary, the frequency/probability of the top event can be derived 

 when the value of the parameter are assigned with its “worst theoretically 

value”.33 The importance measurement called Risk Increase Factor (RIF) can now be 

calculated, see Equation (3).34 RIF identifies the risk increase of the top event when the 

parameter gives its largest contribution to a high value of a component’s unavailability and 

it indicates the importance of maintaining the nominal value of the parameter (van der 

Borst & Schoonakker, 2001, p.242). (RiskSpectrum
®

 Analysis Tool, p.55) 

 

.       (3) 

 

A sensitivity measure (S) can be derived by calculations of the frequency of the top event 

when the nominal value of the parameter is increased and decreased by a factor (e.g. 10).  

The goal of a sensitivity measure is to give a measurement of the sensitivity (variation) of 

the top event result, see Equation (4) where H stands for the higher result and L stands for 

the lower result.  

 

.         (4) 

3.1.6.3 Uncertainty analysis 
The above mentioned importance and sensitivity measurements are based on point 

estimates of the top event. The goal of an uncertainty analysis is to derive an uncertainty 

distribution of the top event frequency by propagating the uncertainties of the basic events 

(achieved from the uncertainties of the parameters) through the PSA-model. This analysis 

in RiskSpectrum
®
 is performed by making a Monte Carlo simulation x times, where x is an 

user-defined number. The simulations are performed at parameter level, and x, a random 

number between 0 and 1, is simulated for each parameter in the PSA-model. The chosen 

random number represents a percentile, i.e. from the cumulative distribution function of the 

parameter. The corresponding value of the percentile is used as the value of the parameter 

when performing a quantitative analysis of the top event. Thus, the quantitative result of the 

top event is estimated x times and the distribution of the top event’s result is derived from 

all of these quantitative results. Equation (5) shows how the mean value of the top event 

unavailability is calculated based on these simulations. (RiskSpectrum
®

 Analysis Tool, 

p.50) The following notation is used = Top event unavailability with sample number i 

(i=1,2,…,x); = mean value of the top event frequency estimated x times .  

 

.      (5) 

 

                                                
33

This value depends on the parameter type; it is 1 for probability parameters and cannot be calculated for a 
frequency parameter. 

34
 Risk increase factor is also called risk achievement worth. 
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The percentile values are achieved by sorting all  in ascending order in an array. The 

percentile value; of percentile P, is then chosen from the array by selecting the 

corresponding , see Equation 6.  

 

     (6) 

 

When performing an uncertainty analysis the parameters are normally sampled by so called 

parameter sampling (Bäckström, 2009). When parameter sampling is chosen 

RiskSpectrum
®
 will sample one parameter value from its uncertainty distribution and use 

this value for each basic event with a reference to the parameter, see Figure 6 (Olsson, 

2002, p.8). This in turn will be simulated x times as mentioned above.  

 

 
Figure 6 - Parameter sampling, the same value are used for each basic events, figure 

derived from (Olsson, 2002). 

 

When event sampling is used, a parameter value from the uncertainty distribution assigned 

will be sampled, for all basic events with a reference to that parameter. In this case one 

Monte Carlo simulation is instead performed for each individual basic event, see Figure 7 

(Olsson, 2002, p.8). This in turn will be simulated x times as mentioned above. 

 

 
Figure 7 - Event sampling, different parameter values are assigned to each basic events, 

figure derived from (Olsson, 2002). 

 

In general, analyses performed with parameter sampling generate wider uncertainty 

distribution of the top events compared to the distribution produced using event sampling. 

This is due to the fact that the dependence of parameters is neglected when performing 

event sampling and independent parameters generate a tighter distribution. It is 
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recommended that Parameter sampling is used to keep the “State of Knowledge 

Dependence” between basic events, i.e. the same information about a parameter are used 

for more than one basic event. (Olsson, 2002, p.8)  

 

An example the distribution of a parameter represents the frequency of a certain failure 

mode, e.g. failure to open for a check valve. If the unavailability of a system of two check 

valves in shunt is to be estimated and all check valves belong to the same population, then 

the basic events are assigned with the same reliability parameter. The distributions of the 

reliability parameters express the same state of knowledge and are not only numerical 

identical (the same information is used to derive the parameters). If event sampling is used 

this state of knowledge will be lost since the variance will become smaller compared to if 

parameter sampling were used. A numeric and more detailed example is given in Pitfalls in 

Risk Calculations by Apostolakis & Kaplan (1981). 

4. STATING THE PROBLEM 
There is no worldwide consensus regarding the assumption of homogeneity/inhomogeneity 

of reliability parameters; if the components of the same type should be considered to have 

the same reliability parameters and thus pooling the failure event data or if the components 

should be considered to have individual reliability parameters. As previously mentioned, 

TUD makes the assumption that the components’ reliability parameters are 

inhomogeneous. However, each component’s posterior distribution is then summarized into 

a common distribution for all components belonging to the same population and thus 

TUD’s method can therefore be considered as inconsistent. Consequently, both TUD’s and 

ZEDB’s methods are doing some kind of “plant-wise pooling”. The explanation to why 

pooling is considered to be tolerated when assuming inhomogeneity is found in the 

T-Book: 

 

“The variability in the population is however not so large that the statistical 

information about a component in the group may not be considered as valuable for 

analyzing and predicting another component belonging to the same group.” (T6, 

2005, p. 32) 

 

However, the reason for using this “averaged posterior distribution” despite the assumption 

of inhomogeneity is due to pragmatic reasons; in PSA modeling the same reliability 

parameter is used for components belonging to the same population (Pörn, 2008). It would 

of course be possible to assign individual reliability parameters for every failure mode, but 

it would significantly increase the complexity of the PSA-model and it would mean a 

comprehensive work of estimating and presenting each component’s individual parameter. 

Anyway, since TUD adjust their approach to suit the end-use (PSA) of the parameters, it 

would be interesting to survey how these two different methods affect the outcome of 

PSA:s. If the different assumptions have a significant influence on the end result in PSA:s, 

it is important to evaluate what assumption should be used.  

 

There are reasons to believe that the results achieved from PSA will be influenced by the 

different homogeneity assumptions, especially when uncertainty analyses are performed, 

since the uncertainty distributions of the parameters can have totally different appearance 
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for the different assumptions (T-book – ZEDB Benchmark, 2004, p.9). The choice between 

assumptions of homogeneity or inhomogeneity is therefore essential to evaluate since they 

affect the distributions of the reliability parameters and have possible impact on the result 

of the PSA. An even more clear difference is obtained if there are few available failure 

event data, which is often the case at NPP:s. The assumption of homogeneity gives more 

certain estimates if the assumption is “correct”, since the operating time and failure rates 

are summarized, which gives more data, and thus gives more narrow uncertainty 

distributions due to less statistical uncertainties (T-book – ZEDB Benchmark, 2004, p.9). 

The assumption of inhomogeneity on the other hand gives rather broad uncertainty 

distribution, and this can be confirmed when studying the T-book; many of the presented 

values of reliability parameters equal zero, this can be the case for both 5
th

 and 50
th

 

percentiles (the median). As mentioned before, it is not realistic that the failure rates or 

probabilities of a component are set to zero, since all components sooner or later fails. On 

the other hand, even if the assumptions of homogeneity gives more narrow distribution, this 

assumption is not desirable if it is not valid, because the estimation is then built on a false 

assumption. What if you do not actually cover “the real value” of the parameter with your 

distribution? Neither is a very broad distribution, covering all possible outcomes, desirable. 

What if you assume homogeneity and the “correct” assumption would be inhomogeneity? 

Can there be any more advantages/disadvantages for TUD if applying homogeneity, except 

for the more narrow distributions? Hereby the first problem is stated and the first two 

questions in the objective are raised: what are the advantages of assuming 

homogeneity/inhomogeneity among components? What are the disadvantages of assuming 

homogeneity/inhomogeneity among components? 

 

A motive behind TUD’s approach can be found in Test of Failure Rate Homogeneity 

Within Plants by Pörn (2009c). Pörn has carried out homogeneity tests of one component 

population; diesel generators. The test shows that the failure rates of the components differ 

so greatly that it seems impossible that they can be homogeneous. Even if the test result had 

shown a more homogeneous population, Pörn (2009c) states that unless there is no solid 

evidence to support the approach of homogeneity, it is better to use the more weaker 

(conservative) assumption of inhomogeneity. This naturally raises the questions; are the 

assumptions of inhomogeneity really the most conservative assumption from a PSA 

perspective? Moreover, is it desirable and advantageous to be conservative?  If the motive 

for the chosen assumption should build upon conservativeness it is important to investigate 

this. The second problem is stated and the third question is formulated; what are the 

relations between assumptions of homogeneity/inhomogeneity and conservativeness?  

 

ZEDB’s reasoning for using the assumption of homogeneity can for instance be found in 

Differences in Treatment of Uncertainties in ZEDB and T-book by Becker (2003).35 First of 

all, more data obtained when pooling components to a “super component” are regarded as 

favorable for the homogeneity assumption. Becker (2003) also argues that there is no 

obvious reason why the components should not be similar; the populations have been split 

into sub populations if they appear to be too inhomogeneous and the size of a population is 

based on expert judgments and ZEDB is working actively to find suitable criteria for 

                                                
35

 Becker works for RISA Sicherheistanalysen GmbH in the field of safety and reliability analysis.  
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forming populations as homogeneous as possible.36  In contrast to TUD, ZEDB are not 

solely grouping the components based on component type, they divide the components into 

sub populations based on the function of the components. However, Becker (2003) 

proposes that statistical testing should be used as a tool to determine the size of the 

populations.   

   

Besides the above mentioned reports, there is sparsely documentation on the motives 

behind the chosen assumptions. TUD’s and ZEDB’s reasoning behind the assumptions 

seems to be based on postulates and principles and only to some extent substantiated by 

tests. Höge (2009) therefore aimed at finding and using a statistical tool to evaluate if the 

failure rates of the components in the T-book could be considered as homogenous or 

inhomogeneous. A Chi-square goodness-of-fit-test was chosen to evaluate the null 

hypothesis; all components have the same failure rate (for the parameters;  or ) and; all 

components have the same failure probability (for the parameter; q). The conclusion from 

the survey was that the null hypothesis in most cases could not be rejected for continuously 

operated components. This indicates that the continuously operated components could be 

seen as homogenous. The test also implied that the standby components to a greater extent 

could be seen as less homogeneous. In the conclusion of the report one of the suggested 

alternative approaches was therefore to apply the homogeneity assumption for operating 

components and applying the assumption of inhomogeneity for standby components. 

Another suggestion was that the components could be regrouped in order to yield more 

homogeneity.  However, statistical tests cannot give unambiguous answers; they can only 

indicate that one assumption is more relevant than the other. To evaluate the relevance of 

statistical tests it is valuable to investigate the impact of the two different assumptions on 

the end-use of the reliability parameters (PSA), which is the main objective in this thesis. If 

there is a major difference between the results derived from the PSA:s it would indicate that 

it is important to make an appropriate assumption. In addition, it is of interest to investigate 

which factors that should be considered when choosing assumption if statistical test results 

are inadequate. The project behind this thesis aims to find consensus between ZEDB and 

TUD methods by discussing and testing both homogeneity assumptions. In order to find the 

most appropriate assumption it is important not to exclude any other methods of pooling 

data. Hence, it is interesting to examine what other assumptions that are made around the 

world and the motives behind these. The third problem is stated and the forth question is 

formulated; what principles should be considered when assumptions cannot be fully 

supported by test results? 

5. CONSERVATIVE AND REALISTIC 
ASSUMPTIONS 

5.1 The concept of a conservative assumption 
As previously mentioned TUD consistently makes an assumption that components’ 

reliability parameters are inhomogeneous within plants. In the conclusions of the report: 

                                                
36

 Five evaluations have been made in order to achieve as homogeneous groups as possible; ZEDB 
Auswertung, VGB PowerTech (1999, 2000, 2002, 2004 & 2006). 
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Test of Failure Rate Homogeneity of Components at Nuclear Power Plants (Pörn, 2009a), 

the questions of principles for generalization are brought up. Pörn claims that if the 

homogeneity tests performed in the report were carried out for each population of 

components in the T-book it would be likely to find populations showing more 

homogeneous tendencies. However, Pörn agrees with the statement of Hora and Iman 

(1989) and finds it best to generalize inhomogeneity, he states:37 

 

“Unless there is a solid evidence to support the approach of homogeneity within 

plants, it is better to use the weaker assumption of inhomogeneity between 

components” (Pörn, 2009, p.8) 

 

Arguing that components have the same failure rate is, according to Pörn, a strong 

assumption, since this in reality might not be true and the goal of the T-Book is to estimate 

as realistic parameters as possible. Pörn (2009c) therefore consider it to be more 

conservative (weaker) to estimate the failure rate of each component separately. In this 

case, it can actually be said that no assumption is made at all, since the components are 

treated individually.  

 

Pörn (2009c) illustrates this with an example; if each component is considered to be 

selected at random from a larger population, then the uncertainty of the failure rate of a 

component consists of both the population variability and the statistical uncertainty as a 

result of the limited sample size. Thus, in contrast to the assumption of homogeneity, the 

inhomogeneous assumption also reflects the population variability. What Pörn means by 

the term conservative in this context can be interpreted as: not excluding population 

variability in the parameter’s total uncertainty, and hence being as realistic as possible. 

(Pörn, 2009a) In the T-book, this is expressed as follows: 

 

“Even though the groups of components which are considered are fairly 

homogeneous, it is still realistic to assume a variability of failure propensity within 

the group. This variability which may be caused by for example varying material 

qualities, operating environments, maintenance resources etc. contributes to the 

total uncertainty.” (T-Book, 2005, p.32) 

 

Consequently, a conservative assumption in this sense is to be as realistic as possible; no 

strong assumption that excludes uncertainties in the parameter estimation should be made. 

The inhomogeneity assumption gives uncertainty distributions of reliability parameters that 

reflect the influence of a possible outlier belonging to the population. Hence, the estimation 

of the posterior distributions is more realistic for these outliers. A consequence of this 

reasoning is that the uncertainty distributions of the reliability parameters becomes wider, 

comparing to the distributions achieved when assuming homogeneity. (Pörn, 2009a) The 

distributions also become wider due to less statistics, since data are not summarized. In this 
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 Note: Here follows a short remark that is questioning why Pörn refers to Hora and Iman (1989), when 
supporting the inhomogeneity assumption. The report of Hora and Iman (1989) is concerning the 
homogeneity of initiating events between plants. First, is it reasonable to consider initiating events to be 
homogeneous? Components can have some similarities, such as operating environments and quality. 
Secondly, compared to initiating events it is important to consider redundancy when examining 
components. 
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respect (considering the population variability), the assumption of inhomogeneity is the 

most conservative assumption, since the uncertainty distribution covers the outliers, and 

this is one of the motives behind the inhomogeneous assumption made by TUD. 

 

However, the conventional meaning of a conservative assumption from a risk analysis 

perspective concerns the systems reliability. As mentioned in Chapter 4, there are reasons 

to believe that PSA:s are affected by the different assumptions, both when performing 

uncertainty analyses and point estimate analyses. I will therefore argue that it is also 

relevant to determine which of the two assumptions that is the most conservative in this 

sense, since the end-use of the reliability parameters concerns the field of risk analysis i.e. 

PSA. Conservative, in this perspective, is to under-estimate the systems reliability 

(Hoyland & Rausand, 1994, p.343). Consequently, an assumption can be seen as 

conservative (compared to another assumption) if it contributes to a greater value of the 

frequency of a system failure. 

 

Consequently, an assumption can here be seen as conservative from two perspectives; by its 

contribution to over-estimating a system failure, and an assumption that yields more 

realistic parameters for outliers by considering the population variability. Both are relevant 

when discussing the impact of the two homogeneity assumptions at PSA:s; the former 

considers the mean value of the top event and the latter the uncertainty of the top event. 

From now on when mentioning a conservative assumption, it refers to the risk analysis 

perspective, i.e. an assumption that contributes to a greater value of the frequency of a 

system failure. This does not mean that uncertainties are irrelevant. Uncertainties have been 

discussed in the beginning of this chapter and will further be evaluated in Section 5.4.  

 

Why is a conservative assumption of interest, why is it interesting to over-estimate the 

frequency? Aren’t we interested in a realistic assumption? It is of course desirable that the 

estimated reliability parameters in the T-book are as realistic as possible, since these 

parameters are used to calculate the unavailability of components in the PSA-models. The 

use of PSA is extensive in normal safety work at the NPP:s and quantitative results from 

PSA are used for decision-making. A balance between realistic and conservative 

assumptions is therefore desirable. In Höge (2009) it is suggested, in order to evaluate the 

consequences of assuming either homogeneity or inhomogeneity, to evaluate the degree of 

conservatism that is involved in the result of the PSA. The issue is now to determine which 

of the two assumptions that is the most conservative from a risk analysis perspective. A 

theoretical approach is found in Section 5.3 and the test design describing the practical 

methodology used in this report is found in Chapter 6. 

5.2 Component and plant specific parameters 
In the T-Book, despite the adoption of individual reliability parameters, plant-specific 

parameters are represented. This approach can be said to be inconsistent because the 

components are treated separately at data level, but are pooled at parameter level. As earlier 

mentioned, this is due to pragmatic reasons (Pörn, 2008). Compared to ZEDB’s method of 

pooling the components at data level this approach will provide broader distributions not 

only because of the population variability but also due to the statistical uncertainties. 

According to Pörn, in the future it would be desirable to use component-specific parameters 
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in the PSA-models (Pörn, 2009b). However, it is unlikely that component-specific 

parameters will be used in the PSA models, since it is associated with great complexity. Yet 

again, it could be said that the end-use (PSA) of the parameters is of great importance when 

evaluating the relevance of the two assumptions. 

 

Based on the above paragraph not two but three different cases can be identified; ZEDB’s 

approach with the assumption of homogeneity within plants at data level. TUD’s approach 

with the assumption of inhomogeneity at data level but where summarized posterior 

distributions yields plant-specific parameters used in the PSA-models, and finally the 

approach of assuming inhomogeneity at data level and using these component-specific 

parameters in the PSA-models. The three cases will respectively be called; ZEDB, TUD(T-

book) and TUD(IH) 
38

, see Table 2.  

 

 ZEDB(H) TUD(T-book) TUD(IH) 

Data level Homogeneous Inhomogeneous Inhomogeneous 

System level Homogeneous Homogeneous Inhomogeneous 

 

Table 2 - The table shows the assumptions made when failure rates of the parameters used 

in PSA are estimated. The three identified cases ZEDB(H), TUD(T-Book) and TUD(IH) 

will be further evaluated in this report. Data level refers to if data are pooled 

(homogeneous) or not (inhomogeneous). System level refers to if the parameters (posteriori 

distributions) are pooled (homogeneous) or not (inhomogeneous). 

5.3 The most conservative assumption  
In this section it will be evaluated which assumption about homogeneity that gives the 

highest frequency of a system failure. An assumption made about components failure rates 

that gains the highest probability  that the system fails in the time interval (0,t], is the 

most conservative assumption. In this section it will be evaluated which values of 

component’s failure rates  that is generating the highest value of , and also indicate 

which assumptions regarding  that are the most conservative. This can be found by 

finding the minimum value of the system’s survival function nce 

The value of is determined partly by the system’s structure and partly by its 

components survival functions . The system’s structure here refers to how the 

system’s components are interconnected by means of logical gates. denotes the 

probability that component i is functioning in the time interval and depends on the 

component’s failure rate , see Equation (7). 

 

.        (7) 

 

                                                
38

 Note: The three cases above will all be examined by considering TUD’s computation algorithm. ZEDB’s and 
TUD’s method of estimating reliability parameters differs slightly. It is only the different assumptions that are 
of interest to compare on the basis of TUD’s method. 
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In order to investigate which values of the different that give the maximum value of 

, a redundant system of three components will be studied, see Figure 8.39 These 

components can be considered to be of the same type and they will be interconnected by 

different logical gates. The values of that represent the most conservative assumptions 

can be found by minimize the function RS(t) subject to the constraint  (where 

 and n is the number of components in the system). In the following calculations both 

 and t have fixed values and the individual components can be interpreted as independent 

events and the components are non-repairable. The parameter  in the calculations below 

can be compared with the failure rates;  and . 

 

 
 

Figure 8 - The figure illustrates a redundant system of three components; C1, C2 and C3. 

The components are interconnected with a logical gate. The logical gate are of the types; 

AND gate, k-out-of-n gate or an OR gate. The three components are assigned with the 

failure rates , and . 

 

Consider first a system that is functioning if and only if at least 2-out-of-3 components are 

functioning. This system has a so called k-out-of-n gate (k=2 and n=3) and Equation (8), 

shows the survival function of the system: 

 

    (8)

            

The method of Lagrange multipliers provides a strategy for finding the minimum of the 

function subject to the constraint .40 A new variable, the Lagrange 

multiplier a is introduced and the Lagrange function L is: 

 

.   (9) 

 

                                                
39

 Note: three components have been chosen to simplify the calculations. However, the calculations would 
probably provide the same results for a system of higher redundancy, especially if the system can be 
considered as symmetric. An asymmetric system can for instance be a system requiring that one specific 
component always must function and that at least one of the other two must function. 

40
 For a description of the methodology of Lagrange multiplier see for example Adams (2003). 
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The next step is to set the partial derivatives of the Lagrange function equal to zero, which 

yields a system of equations: 

 

: , 

: , 

: , 

: . 

 

Solving and simplifying the system of equations gives the following equations: 

 

. 

 

This implies that the minimum of is achieved when the three components failure 

rates are equal and the assumption of homogeneity can be seen as the most conservative 

assumption when using a 2-out-of-3 gate. The same result was achieved when replacing the 

2-out-of-3-gate to an AND-gate.41 The strategy was once again to use the Lagrange 

multiplier to find the minimum of the system’s survival function, see Equation (10). More 

detailed calculations can be found in Appendix C.  

 

 

   (10) 

 

Finally, the survival function for the system above when the logical relationship of the 

components are described by an OR-gate, has the following appearance:42 

 

   (11) 

 

Equation (11), yields that as long as the sum of  is fixed it does not matter if the 

components are assumed to have homogenous or inhomogeneous failure rates.  

The major conclusion from the calculations above are that the value of  derived when 

making the assumption of homogeneity will never be less than the value of   derived 

when making the assumption of inhomogeneity. Consequently, the relationship between the 

graphs shown in Figure 9A will never occur. In the calculations above the values of  and 

 are point estimates and should be regarded as the mean value of their distributions. 

However, in the T-book, parameters are assigned uncertainties and represented by 

                                                
41

 An AND-gate is the same as a 1-out-of-3-gate. 
42

 An OR-gate is the same as a 3-out-of-3-gate. 



 

26 

probability distributions; this is taken into considerations in Figure 9. The uncertainty 

distributions will be further discussed in the next paragraph. However, when the failure 

rates in reality are inhomogeneous,  will be over-estimated when applying the 

homogeneity assumption, see Figure 9B. On the other hand when the failure rates in reality 

are homogeneous the mean value of  will be equal for both of the assumptions, see 

Figure 9C. The derivations and this discussion prove that, at a system level when 

redundancy is taken into account, the assumption of homogeneity is more conservative 

when studying the mean values of .  

 

Figure 9 - The figure consists of three graphs. The graphs show the density function of 

 for both the inhomogeneity assumption (solid line,) and homogeneity (dotted line). 

The case shown in graph A will not occur, since the mean value of the system when 

assuming homogeneity are higher than the mean value of the system when assuming 

inhomogeneity. Graph B shows the case when failure rates in reality are inhomogeneous 

and graph C illustrates the case when failure rates in reality are homogenous. 

5.4 Uncertainties 
Over-estimating the risk of a system failure is considered to be conservative. However, as 

the discussion in the beginning of this chapter has indicated, it is desirable to use as realistic 

quantitative values as possible in PSA. Hence, the error of the estimate should be as small 

as possible. A conservative estimation of  gives a greater expected value  

and therefore a greater value of the bias , see Figure 10.43 This indicates that a 

homogenous assumption gives more biased estimations.44  

                                                
43

   is an observation of the estimator . 
44

  relates to one component (several if data are summarized when assuming homogeneity). 
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Figure 10 - The graph shows the density functions of the estimator  The correct 

parameter value is denoted . The bias  is the difference of  and . The 

random error specifies the difference of the estimate and  (Alm and Britton, 

2008, p.271) 

 

The following discussion shows that a more biased estimate actually can be a better 

estimate. This is shown by studying the Mean Squared Error (MSE), which measures the 

uncertainties of estimates. In order to discuss the accuracy of an estimator, MSE will be 

used. The error can be divided into two parts; the square of the bias and a 

random error illustrated by the density function of , see Figure 10 and Equation (12). 

45 (Alm and Britton, 2008, p.270) 

 

   (12) 

 

Even if the estimator is unbiased the  can have a large value.46 This is the case for 

the broad density distributions achieved when the assumption of inhomogeneity is made. 

As mentioned in the beginning of this chapter, this assumption is considered to give more 

realistic estimates considering the outliers, since the populations variability is taken into 

considerations; these distributions are broader. (Pörn, 2009a)  A major problem with this 

assumption is the lack of accessible failure event data. Thus, if the failure rates of 

components in a population in reality are inhomogeneous and the data are sparse, more 

realistic parameters are not necessarily obtained with an assumption of inhomogeneity, 

because lack of failure event data provides larger values of . The statistical 

uncertainty has in this case great influence on the achieved parameters. 

 

On the other hand estimators achieved using the homogeneity assumption has more narrow 

distributions because it is based on summarized data, which results in less statistical 

uncertainty. So even if of one estimator, it can be more realistic if  

is small and  of another estimator is large. It may be that the homogeneity case has a 

                                                
45

 The error is the amount by which the estimator differs from the quantity to be estimated. 
46

 Definition: An estimate θ*(x) is said to be unbiased if there is no bias, B(θ* )=0. Thus E(θ* (X) )= θ for all 
θ∈A, where A denotes the parameter space. 
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larger value of the 50
th

 percentile compared to the inhomogeneity case, while the opposite 

is true when looking at the value of the 95
th

 percentile.  

 

Consequently, the above discussion shows that a conservative assumption can be more 

realistic despite the fact that outliers are not taken into considerations, if the variance of the 

estimator is low. If the failure rates of the components are in fact homogeneous, this would 

indicate that the homogeneity assumption yields a much more realistic estimate compared 

to an estimate that assumes that they are inhomogeneous, see Figure 9C. This is the case 

since both assumptions provide the same expected value of , but the dispersion is less 

for the homogeneity approach because MSE in this case will be lower.  

If the failure rates of the components instead in reality are inhomogeneous, the larger value 

of  can be a more realistic estimate of the “correct value of ”, see Figure 9B. This 

statement is true if MSE is lower for the homogeneity approach. 

 

The conclusion of this chapter is that the assumption of homogeneity is a more conservative 

assumption than the assumption of inhomogeneity when considering a redundant system. 

Even if an assumption is conservative it does not exclude the fact that it can be a more 

realistic estimation, as was shown with the MSE discussion, this is due to that a parameter 

is represented by an uncertainty distribution.  

 

The above derivation and discussion can be said to be a comparison of ZEDB(H) and 

TUD(IH).
47

 In the following chapters all three cases of TUD (T-Book), ZEDB(H) and 

TUD(IH), will be compared and their impact of a more comprehensive model of redundant 

systems will be evaluated.  

6. TEST DESIGN 

6.1 Briefing 
In the previous chapter, it was examined which values of components’ failure rates that was 

generating the highest frequency of the top event. This revealed that assuming homogeneity 

was most conservative. However, the study examined a simple model with only three 

redundant components. In reality, much more complex models are used when evaluating 

the risk of nuclear power plants. These PSA-models also include CCF groups and 

parameters which cannot be found in the T-Book. For this reason, the impact of the 

different homogeneity assumptions will here be examined using an authentic PSA-model. 

Thus, the practical significance of the different assumptions will be examined. The different 

assumptions regarding homogeneity and inhomogeneity may have great or no influence on 

the top event result in the end. There are reasons to believe that the final outcome will be 

affected; the width of the parameter distributions depends on the different assumptions and 

the calculations in Chapter 5 indicate that the frequency of the top event is affected. 

                                                
47

 Actually it can also be used as a comparison of TUD(T-Book) and TUD(IH). 
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Parameters will be estimated both assuming inhomogeneity and homogeneity and then they 

will be implemented in an authentic PSA-model. The differences of the frequencies of the 

top event and its uncertainty distributions can then be evaluated. Three cases, 

TUD(T-Book), TUD(IH) and ZEDB(H) were identified in Section 5.2, see Table 2 for a 

schematic overview. Parameters of all these cases will be estimated using T-Code and then 

they will be used as input in an authentic PSA-model of a Nordic BWR. However, it is 

important to notice that the frequencies of the top events derived in this thesis should not be 

regarded as authentic values, since the values of the basic data in the PSA-model have been 

changed. The results have therefore a relative but not absolute validity. Analyses will be 

performed of the PSA-model for the three cases by using the risk management software 

RiskSpectrum
®
. 

 

All performed PSA:s in this report will be Level 1 PSA:s including all operational states 

except for shutdown and the analyses will evaluate the frequency of CD1 CD2 and CD3. 

Thus, CD1 CD2 and CD3 will be the top events of the analyses. Uncertainty analyses will 

evaluate the differences of the top events’ uncertainty distributions and mean values when 

taking the parameters distributions into consideration. The mean values of the top events 

will also be compared when performing point estimate analyses. These analyses will 

provide information about which assumption gives the most conservative result of the top 

event. Furthermore, the impact that the uncertainty distribution of the parameters have on 

the top events’ results can be evaluated. For each uncertainty analysis 32 000 simulations 

have been performed.48 The test design will be described in detail in this chapter and it is 

based on the theories of PSA found in Section 3.1 and discussions made with experts of 

RiskSpectrum
®
 at Relcon Scandpower AB.  

6.2 Parameters 
Parameters based on the three different cases will be estimated. It would be too time 

consuming to estimate parameters corresponding to all of the 159 combinations of failure 

modes and type of component that are represented in the T-book for all three cases. A way 

around this problem is to identify parameters that have the greatest impact on the top event 

result and then estimate these ”identified parameters” for the three different cases and in 

turn replace these with the existing parameters in the PSA-model. 

6.2.1 Identifying the most relevant parameters 
Importance or sensitivity measurements can be used to evaluate the significance of the 

parameters in the PSA-model. The sensitivity measurement was chosen because it indicates 

the sensitivity of variation of the parameter’s current value. RIF and RDI instead indicate 

the influence of the parameter when it is assigned its best or worst theoretical value. 

Parameters with a sensitivity value equal to or greater than 1,25 were selected. A parameter 

with a sensitivity value equal to one implies that if a parameter’s mean value is changed 

with a factor of ten it will not influence the top event result. The cut-off value of 1,25 was 

chosen with respect to the balance between not losing any relevant parameter and obtaining 

a manageable amount of parameters. The highest sensitivity value achieved for a parameter 

                                                
48

32000 simulations is the maximum amount of simulations for uncertainty analysis in RiskSpectrum
®

. 
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from the T-Book was 11,56. Despite the fact that all T-Book parameters are not estimated, 

this delimitation will not influence the relevance of the test result in a negative way. 

Experts on PSA have been consulted before making this limitation. Lindahl (2009) stated 

that the impact of the different assumptions would have been visible if only the most 

relevant parameter was changed.  

 

Different types of parameters from the T-Book can be found in the PSA-model: failure 

rates concerning operation or standby time (λd and λs) and probability of failure per demand 

( ). As mentioned before,  always co-occurs with λs which is represented by the parameter 

model . For this reason, in cases where the parameter  of a component’s failure 

mode has been identified as important, the associated parameter λs of the same failure mode 

will also be chosen (and vice versa). In total, 17 parameters of relevance were identified 

using the above stated criteria. The parameters can be found in Section 8.1.  

6.2.2 Estimating “the identified parameters”  
The most important reliability parameters will be estimated for three different cases: 

ZEDB(H), TUD(T-Book) and TUD(IH). Note: parameters for the case: ZEDB(H), have 

been derived using T-code, so ZEDB's method for deriving parameters have not been used. 

A summary of the methods used to estimate these parameters are found in Table 3 and 

described in the sections below. 

 

 Tool Data Parameter models 

ZEDB(H) T-Code Plant-specific failure 
event data 

 and  

TUD(T-Book) T-Code Component-specific 
failure event data 

 and 

  
TUD(IH) Event sampling in 

RiskSpectrum® 
Parameters derived for 
TUD(T-Book) 

 and 

 

 

Table 3 - The table summarizes the method and data used when estimating parameters for 

the three cases; ZEDB(H), TUD(T-Book) and TUD(IH). The table also shows the different 

types of parameter models which can be used when estimating the parameters for the three 

cases. 

6.2.2.1 ZEDB(H) and TUD(T-Book) parameters  
The estimation of parameters for the two cases: ZEDB(H) and TUD(T-Book), are 

performed using the computer algorithm T-Code and failure event data of the Nordic 

NPP:s. Exact compliance regarding the values of the parameters in version 6 of the T-Book 

and new runs with T-Code cannot be obtained. This is because T-Code has been modified 

during the preparation of version 6 of the T-Book. (Skagerman, p. 13, 2007) For this 

reason, TUD(T-Book) parameters will be estimated despite the fact that they are already 

represented in the T-Book. Hence, the same version of T-Code is used when estimating the 

parameters. Another reason is that only three percentiles per parameter can be found in the 

T-Book and more percentiles are necessary because the parameters will be recorded as 

discrete distributions in the PSA-model. When discrete distributions are used, 

RiskSpectrum
®
 calculates the mean values of the parameters from these distributions. The 
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mean values estimated in RiskSpectrum
®
 can therefore differ greatly from the mean values 

obtained using T-Code if there are a limited number of percentiles. A comparison of the 

mean values achieved in T-Code and RiskSpectrum
®

 can be found in Appendix D.  

 

Normally, when PSA-models are created, discrete distributions are not used. Instead Risk 

Spectrum estimates a distribution of the parameter from the mean value, that the user 

specifies (the mean value from the T-Book). The reason to use discrete distributions instead 

of the distribution normally used in RiskSpectrum
®
 is to represent the different wide 

distributions achieved when assuming homogeneity respectively inhomogeneity. If the 

distribution was assigned to the parameters based on their mean values and not the 

distribution achieved from T-Code, information of the uncertainties would be lost. Hence, 

the impact that the distribution of the parameter has on the uncertainty analysis could not be 

evaluated. 

 

Note: All reliability parameters can be found on a CD provided by the TUD office. These 

reliability parameters are represented by 15 percentiles and are intended to be used in PSA-

model (T6, 2005, p. 40).
49

 However, it is not common praxis to use these percentiles when 

modeling the parameters in the PSA-models in RiskSpectrum
®
, since discrete distributions 

are not normally used. 

6.2.2.1.1 T-Code  
The computational tool, T-Code, uses the two-stage Bayesian method described in Section 

2.4 and files of failure event data to estimate parameters. T-Code will first be applied to the 

component specific failure event data achieved from the TUD office, yielding a plant 

specific failure rate parameter valid for the plant in question. These plant-specific 

parameters are estimated for all the 17 “identified parameters”.
50

 The above described 

method generates parameters for the case of TUD(T-Book). 

 

Secondly, “the identified parameters” for the case of ZEDB(H) were estimated in a similar 

way. The data files were first modified by summarizing the failure event data (number of 

failures and standby/operational time) plant-wise. T-Code was applied to the plant-specific 

data generating failure rate distributions of the parameters, when assuming homogeneity.
51

 

The same method to estimate parameters when assuming homogeneity was used by Pörn 

(2009c). 

6.2.2.2 TUD(IH) parameters 
The reason not to estimate TUD(IH) parameters in T-Code is due to the time constraint; it 

would be too comprehensive to calculate component-specific parameters, although the 
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 Note: 15 percentiles are still not enough to achieve the correct mean value when discrete distributions are 

used in RiskSpectrum
®

. 
50

 Option 1, 3 and 6 are chosen in T-Code to achieve a specific plant’s parameter. When estimating a 
parameter using  or  the parameter is found in the output file TCDLP.gia. When estimating a parameter 

using  the parameter for q is found in the output file TCDDQP.gia and the parameter  found in 
TCDLP.gia. 

51
 Option 1, 3 and 5 are chosen in T-Code to achieve a specific plant’s parameter. Option 5 stands for 

component-specific analysis, but the component in this case is equal to plant, since the data are 
summarized. The resulting plant-specific parameter can be found in the file TCDLX.gia 
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number of parameters has been limited. For instance, the failure event data file used to 

derive the T-Book table 7.3.1 consists of 23 components for one of the Nordic NPP. This 

means that 23 parameters would have to be estimated instead of one and this only for 

T-Book table 7.3.1. These component specific parameters should then be modeled in the 

fault tree, which would be too comprehensive and a simplification has to be made. 

 

Parameters in the case of TUD(IH) will instead be derived from the TUD(T-Book) 

parameters because they should have corresponding width of their uncertainty distributions. 

However, to illustrate that the parameters in the case of TUD(IH) are component specific, 

event sampling will be used in RiskSpectrum
®
. This method provides the parameters with 

individual point estimates (mean values). This simplification of sample the TUD(IH) 

parameters with event sampling is also a method that Becker (2003) proposes when the 

assumption of inhomogeneity is made, more of this in Chapter 7.1. In Chapter 3, it was 

mentioned that the distribution achieved when performing event sampling generates a more 

narrow distribution compared to parameter sampling due to SOKD. The result when using 

TUD(IH) will therefore probably generate more narrow distribution compared to 

TUD(T-Book). 

 

Note: Since sampling has to be made in order to achieve the TUD(IH) parameters, the top 

event frequency can in this case only be derived when performing uncertainty analyses. 

Hence, the frequency of the top event cannot be achieved when performing a point estimate 

analysis; this is further explained in the next section. 

6.3 Defining the test-models 
When the methods of estimating the parameters of the three cases are established, these 

parameters should be estimated and successively for the three cases be implemented in a 

PSA-model of a Nordic BWR. Point estimate analyses of the top events and uncertainty 

analyses can thereafter be performed to evaluate the differences of the results of top events 

for the three cases. However there are two more issues to be managed: 

 

 The parameter model is not applicable when estimating parameters 

under the assumption of homogeneity. 

 Event and parameter sampling will influence all the parameters in the PSA-

model. Thus, differences of the top event result can be dependent on the 

sampling method and not the assumption made about homogeneity. 

 

How these issues are managed is described below and from this different test-models can 

be derived. In total eight different test-models are identified, they will all be denoted 

TestXXX. The first subscribed X of the test-model’s name describes how “the identified 

parameters” are estimated; TUD(T-Book), ZEDB(H) or TUD(IH). The second X will 

either be A or B where A indicates that the less important (according to the performed 

sensitivity analysis) parameters in the PSA-model will be as usual. B indicates that changes 

also have been made to these parameters. The last X in the test-model name describes if the 

parameter model  or , is used when estimating the parameters of the 

standby components. This will be denoted q and λ respectively. Figure 11 illustrates the 

denotations of the test-models, this figure can be useful to return to. A useful summary of 
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the methods and simplifications made in these different test-models are also found in 

Table 4.  

 

 
 

Figure 11 - The figure illustrates the denotation of the test-models. The text above the X:s 

describes what the X:s aim at describing and the denotations used for the different cases 

are found at each arrow.  
 

6.3.1 Constraints of the parameter model  
The parameter model  is not applicable when estimating parameters under the 

assumption of homogeneity. The reason being that the model requires different test 

intervals since the test interval in combination with the number of failures gives the 

correlation between  and . That information would be lost if a summarized value of T is 

used. Hence, the parameter model  is from the beginning based on the 

assumption of inhomogeneity. The parameter model is used to estimate the reliability 

parameters for homogeneous standby components.  

 

However, it would not be reasonable to adopt different parameter models when evaluating 

how the different assumptions affect the top event result. Thus, the difference obtained in 

the analyses could then be due to the different parameter models rather than due to the 

different assumptions. Hence, the analyses would not be comparable. For this reason the 

parameter model  will be used to estimate the parameters for the identified standby 

components, both when assuming homogeneity and inhomogeneity. The value of the 

parameter, q corresponding to the parameter,  will be fixed and set to 0. This 

simplification makes it possible to compare how the cases of TUD(T-Book) and ZEDB(H) 

influence the top event. Parameters of operational components are always estimated with 

the parameter model . The parameters of the two cases will be used in the authentic 

PSA-model of a Nordic BWR and a quantification of the top event and uncertainty analyses 

will be performed for CD1, CD2 and CD3. The two newly updated PSA-models will 

respectively be called TestTUD(T)Aλ and TestZEDBAλ. Comparing the results achieved from 

these two models yields how large and relevant the impact of the two cases TUD(T-Book) 

and ZEDB(H) are. This is the most important comparison in this report, because 
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TUD(T-Book) and ZEDB(H) are the assumptions currently used in the Nordic countries 

and in Germany. 

 

To compensate for the simplification made above, a test-model called TestTUD(T)Aq will 

also be performed. In this test-model parameters in the case of TUD(T-Book) will be 

represented by the parameter model  the influence of the different parameter 

models  and  can then be compared, by comparing the result of this 

test-model with TestZEDBAλ and TestTUD(T)Aλ.  

6.3.2 Constraints of event sampling 
Since the parameters in the case of TUD(IH) are derived using event sampling a problem 

arises. When event sampling is selected all parameters in the PSA-model, including the 

parameters that are not part of the T-book and the parameters in the T-book that has not 

been identified as important, will be sampled with event sampling. This means that the 

results of the uncertainty analysis will not be comparable with the results of the uncertainty 

analysis of TestTUD(T)Aλ and TestZEDBAλ, because differences can be due to the different 

sampling methods. Furthermore, sampling is not performed when performing point 

estimate analysis, which implies that the case of TUD(IH) cannot be obtained. Therefore, a 

further simplification has to be made in order to compare the case of TUD(IH) with the 

other two. A solution of the problem is to assign all parameters, except “the identified 

parameters”, a fixed value. This implies that those parameters will not have a distribution 

only a point estimate and when uncertainty analysis is performed this value will be used for 

all simulations.52 The case of TUD(IH) can now be illustrated by using event sampling on 

this simplified PSA-model. This test-model is called TestTUD(IH)Bλ.53  

 

The result of the uncertainty analysis will be comparable with the case of TUD(T-Book) 

and ZEDB(H) if the same simplification is used in these cases. These test-models are called 

TestTUD(T)Bλ and TestZEDBBλ respectively. The uncertainty distribution of the top event can 

now be compared for all cases.54 This comparison will show the principal differences of the 

three different cases, when the parameter model  is used. However, the results of 

these test-models will show the fundamental differences of the three different cases and not 

how the impact of the different cases would be propagated in an authentic PSA-model 

where other parameters influence the uncertainty of the top event, as was the case for the 

three first test-models (TestTUD(T)Aλ, TestZEDBAλ and TestTUD(T)Aq).The frequency of the 

top event yielded by the uncertainty analysis of TestTUD(IH)Bλ can be compared with the 

point estimate analysis of TestTUD(T)Aλ and TestZEDBAλ. The frequency of the top event 

from point estimate analysis of TestTUD(T)Aλ and  TestTUD(T)Bλ and the frequency of the top 

event from point estimate analysis of TestZEDBAλ and TestZEDBBλ will be identical, since 

the mean values of the parameters are identical in both cases. 

                                                
52

 This is done in RiskSpectrum
®

 by assigning the mean value of the current distribution of the parameters as 

the point estimate of the parameter and chose “none” as distribution type. 
53

 The Parameters used in the case of TUD(IH) are as mentioned in Section 6.2.2, the same as in the case of 
TUD(T-Book) but the method of event sampling illustrates component specific parameters. 

54
 Note: the uncertainty distribution of the top event in all three of these test-models is derived only from the 

uncertainty of ”the identified parameters” (all other parameters are represented by its mean value). Thus, 
the differences of the uncertainty distributions can be greater than in the case of comparing TestTUD(T)Aλ, 
TestZEDBAλ, since all other parameter’s distributions will influence the uncertainty of the top event. 
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The same simplifications made for the test-models above will be made for the cases of 

TUD(T-Book) and TUD(IH) when the parameters are estimated with the parameter model 

. The analysis of the test-model called TestTUD(T)Bq, will be simulated with 

parameter sampling and represent the case of TUD(T-Book) and the test-model called 

TestTUD(IH)Bq representing the case of TUD(IH) will be simulated with event sampling. The 

influence of the different parameter models  and  can then also be 

compared for the case of TUD(IH). A comparison of TestTUD(T)Bq and TestTUD(T)Bλ and of 

TestTUD(IH)Bq and TestTUD(IH)Bλ will be made. This comparison can be comparable to the 

comparison of TestTUD(T)Aλ and TestTUD(T)Aq. The test-models derived here can also be 

compared to TestZEDBBλ.  

6.3.3 Summary of the test models 
A summary of all test-models defined in the previous sections; the assumptions made, the 

parameter model and the sampling method used, are found in Table 4. There is also listed 

which test-models that will be compared. An explanation of the used parameter models 

might first be necessary. If one identified parameter in the T-Book was estimated with the 

parameter model for operational components  this model was used to estimate the 

parameters in all cases for these operational components. The same procedure is used if one 

of “the identified parameters” in the T-Book is estimated with the more simplified 

parameter model for standby components , then this parameter model will be used to 

estimate these parameters even if the other standby components’ reliability parameters were 

estimated with the parameter model . Consequently, when a test-model is 

denoted TestXXq, both   and  can be used to estimate the parameters. 
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Test ID Case Standby 
parameter 
model 

Other 
parameters 
in the 
PSA-model 

Sampling 
method 

Compared 
with 

TestTUD(T)Aλ TUD(T-Book)  Unchanged  Parameter Test ZEDBAλ; 
Test TUD(T)Aq 

TestZEDBAλ ZEDB(H)   Unchanged Parameter TestTUD(T)Aλ; 
TestTUD(T)Aq 

TestTUD(T)Aq TUD(T-Book)   
 

Unchanged Parameter TestTUD(T)Aλ; 
Test ZEDBAλ 

TestTUD(T)Bλ TUD(T-Book)   Represented 
by mean  

Parameter TestZEDBBλ; 
TestTUD(IH)Bλ 

TestZEDBBλ ZEDB(H)   Represented 
by mean  

Parameter TestTUD(T)Bλ; 
TestTUD(IH)Bλ;  

TestTUD(IH)Bλ TUD(IH)   Represented 
by mean  

Event TestTUD(T)Bλ; 
TestZEDBBλ;  

TestTUD(T)Bq TUD(T-Book)   Represented 
by mean  

Parameter TestTUD(T)Bλ; 
TestZEDBBλ;  

TestTUD(IH)Bq TUD(IH)   Represented 
by mean  

Event TestTUD(T)Bλ; 
TestZEDBBλ;  

 

Table 4 - The table gives a summary of the different simplifications and assumptions made 

in the PSA-model of the Nordic BWR before executing the model. 

6.3.4 Numerical computation restrictions 
The mean values derived for some of the test-models had unreasonable large values. The 

reason to this is multiple: 

 

 The continuous distributions yielded by T-code cannot, without verification of its 

applicability, be entered directly into RiskSpectrum
®
 discrete distributions. 

 The calculation method Min Cut Upper Bound (MCUB) can be overly conservative 

if there are a high number of high probability events. 

 

Below these issues are described. 

6.3.4.1 Point estimate analysis 
The frequencies derived when performing point estimate analyses of the test-models: 

TestTUD(T)Aq and TestTUD(T)Bq, seemed to be unreasonable large, since they were much 

greater than the frequencies derived from the uncertainty analyses. These frequencies of the 

top event should be similar. The explanation is the conversion of continuous to discrete 

distributions. T-Code generates a continuous distribution which is presented as points of the 

distribution and these points are, in RiskSpectrum
®
,
 
used to represent a discrete distribution 

of that parameter. (Since a continuous distribution is represented by a discrete distribution 

this cannot be done without verification.) RiskSpectrum
® 

calculates the mean values of the 
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parameters from these discrete distributions. If the outcome of the use of the differently 

defined distribution types is that the mean value is significantly different, then the use of 

the discrete distribution in RiskSpectrum
®
 is obviously not appropriate and another method 

was necessary. The solution to the problem was to calculate the frequency of top event by 

manually inserting the mean values of the parameters derived from T-code were used as a 

fixed value.55 

6.3.4.2 Uncertainty analysis 
When the uncertainty analysis was performed for CD1, the mean values for four out of the 

eight test-models were greater than the value of the 95
th

 percentiles. This implies an 

enormously skewed uncertainty distribution of the top event frequency and hence it does 

not seem realistic. In order to find an explanation, the four test-models were converted to 

the newer version of RiskSpectrum
®
 (RiskSpectrum

®
 PSA) to yield a log file with all the 

32 000 simulated frequencies (it is not possible to derive this log file in RiskSpectrum
® 

PSAP). It was not the simplest task to convert these models, because RiskSpectrum
® 

PSAP 

cannot handle values lower than 1E-38. So, parameters with values or percentiles less than 

this cut off had to be deleted. However, this did not influence the parameters’ mean values. 

In the log file, it was found that some of the simulations yielded unrealistically large values 

of the frequency of the top event; many order of magnitudes larger compared to the 

frequencies of the other simulations. These outliers were removed and the new mean value 

was manually calculated from the remaining frequencies.56 

 

The reason behind these high frequencies needs to be evaluated in order to evaluate if this 

was a reasonable solution to the problem. The most likely explanation is obtained when the 

list of the generated minimal cut sets is examined. It is shown that some parameters were 

referenced to by many basic events which appeared particularly frequent in the MCS list. 

These parameters had very broad uncertainty distributions with very high values for the 

upper percentiles. If an upper percentile was simulated, the corresponding high value is 

used for all basic events with a reference to that parameter. If many basic events, in the 

same MCS, had a reference to this parameter and the test interval for this basic event was 

large, then the unavailability of the basic events and thereby the conditional probability 

(given the occurrence of the initiating event) will become close to one. The use of the 

approximation order Min Cut Upper Bound (MCUB), which RiskSpectrum
®

 uses when 

totaling the frequencies of the minimal cut sets, can handle a limited amount of high 

probability events – but in this situation a high number of high probability events are 

created – causing the quantification to be overly conservative. 57 Normally, the distributions 

of the parameters are estimated with lognormal or gamma distributions and the upper 

percentiles are therefore not assigned these large values. It is also very unusual that the 

distributions cause a high number of basic events (in the same cut sets) to be close to 

unavailability close to one. Thus, this is not a general problem for RiskSpectrum
®
.   

                                                
55

 This is done in RiskSpectrum
®

 by assigning the parameters the mean values derived from T-code and set 

its distribution type to “none”. 
56

 The hundred largest values of the derived top event frequencies were removed for all four test-models, 
which is less than 0,3% the simulated frequencies. 

57
 The MCUB method subtracts the probability of all MCS being successful from 1, which gives the probability 

of failure. (RiskSpectrum
®
 Analysis Tool) 
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This explanation seems reasonable, given that the excessively large mean values were only 

derived for test-models using parameter sampling: TestTUD(T)Aλ, TestTUD(T)Aq, 

TestTUD(T)Bλ and TestTUD(T)Bq. It seems very unlikely to sample large values of the same 

parameter for each basic event when event sampling is performed. The problem only arose 

for parameters estimated with the assumption of inhomogeneity, which also implies that the 

explanation is reasonable. These parameters more often had values of the upper percentiles 

that exceeded the value of its 95th percentile with more than one order of magnitude. The 

derived parameters are explained and discussed in Section 8.1.  
 

7. QUALITATIVE RESULTS 
To evaluate if the three cases have significant different impact on the results of the PSA:s, a 

measurement defining the relevance of the achieved differences is needed. In order to find a 

good measurement and to discuss the relevance of the empiric results from PSA:s derived 

in this thesis as well as the relevance of statistical homogeneity tests, experts in the field of 

Risk Analysis and PSA have been consulted. The experts were also consulted in order to 

map the different assumptions made world over and the motives behind these. The aim of 

the mapping was to identify if there is a dominant approach and if there are well justified 

motives and relevant tests made to evaluate the correctness of the chosen assumptions. This 

chapter summarizes the opinions of the consulted experts and published reports of 

relevance. 

7.1 A suggested method to evaluate the differences 
There are no specific regulations or requirements stating the allowed frequency of a core 

melt down or any specific requirements regarding the uncertainties (Nyman, 2009). 

However, safety goals of core damage frequencies are produced by OKG and published in; 

A Method for Safety Evaluation of Nuclear Risks by Lindahl (2008).58 The safety level of a 

NPP is according to this report considered to be adequate if the total core damage 

frequency lies in the interval; 1E-5 and 1E-4, these values refers to frequencies derived 

from the point estimate analyses. On this basis, Lindahl (2009) suggests that if the 

frequencies of the different test-models differ more than one order of magnitude it is a 

relevant difference. The results from the point estimate analyses are considered to be the 

most important and there are no specific safety goals for the uncertainty analysis. However, 

the results from the uncertainty analyses are also interesting to examine, because of the 

different widths of the distributions of the estimated parameters. Lindahl (2009) suggests 

that the differences from the uncertainty analyses are relevant if the mean value of one test-

model fall outside the 90% confidence interval of the test-models to which it is compared 

to. If the differences are not considered to be relevant according to the measurements above 

it is hardly worth the effort and possible costs associated with evaluating the assumption of 

homogeneity and inhomogeneity further. However, the results from the survey are valid 

only given the specific conditions defined in the PSA-model in question, any changes 

might provide other results. (Lindahl, 2009) 

                                                
58

 OKG is a Company in the corporate group E.ON. 



 

39 

 

Conservativeness is, as discussed in Chapter 5, associated with the different assumptions of 

homogeneity and inhomogeneity. It is possible to be conservative at more than one level; 

when collecting data, estimating parameters (discussed in Chapter 5), designing 

PSA-models (CCF etc.), and interpreting the results of PSA:s or making decisions based on 

the PSA results. When Lindahl (2009) was asked to comment on if it is desirable to choose 

the most conservative assumption, he stated that it is preferable to be conservative if the 

differences are small. In this case it is not worth the effort to find a more realistic method. 

However, it is important to find a balance; if conservative assumptions are made it is 

desirable to be less conservative when interpreting the results and making decisions, being 

too conservative can be counterproductive. According to SSM it is desirable to be realistic 

but when it is not possible to make realistic assumptions it is preferable to make 

conservative assumptions (Nyman 2009).  Another question of concern is the limited 

amount of failure event data. Lindahl (2009) consider it to be better to use a less 

sophisticated model if data are sparse, that is the homogeneity assumption is more 

preferable. It is not desirable to use different assumptions for continuously operated and 

standby components and it is instead for pragmatic reasons more desirable to group the 

components in such a way that one of the assumptions is valid. 

7.2 Assumptions made worldwide  
In some countries, it has been difficult to get hold of correspondents who are willing to 

answer the questionnaire, aiming at summarizing the opinions of experts regarding TUD’s 

approach and map the assumptions made worldwide. The received answers where in some 

cases not detailed enough and required follow-up questions, which were not always 

answered. However, in the end, experts of eight countries worldwide (including Germany) 

have answered the questionnaire in a satisfying way. The consulted experts were asked to 

provide their views of the TUD’s approach. Countries that are applying the assumption of 

homogeneity questioned the inhomogeneity assumption mainly due to the low frequencies 

of component failures which gives sparse data. Except for these issues of excessive amount 

of statistical uncertainty, comments about the inconsistency of the TUD’s approach and 

questions regarding the modeling of CCF:s were raised, see comments from interviews 

made with Morozov (Russia) and Kelly (US). 

 

Becker (2009) supports the criticism of TUD’s method being inconsistent, i.e. the 

conflicting assumption of first treating the components as individuals and then as a group 

by forming mixed distribution also contributes broader distributions. This will also give a 

larger expected value of the parameter. From this viewpoint Becker finds it reasonable to 

believe that the uncertainty distributions derived using TUD’s approach are, as expressed 

by Becker, “too broad” and he therefore argues that the assumptions of inhomogeneity 

should be represented with event sampling when performing uncertainty analysis in e.g. 

RiskSpectrum
®
. This argument can be found in the survey; Differences in the treatment of 

uncertainties in ZEDB and T‐book by Becker (2003). 

 

“Within some limits, results show, that using the mixed distributions from the 

T‐book with independent simulations (event sampling) leads us to similar results, as 

using the ZEDB results with coupled simulations (parameter sampling). This is an 
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empirical justification to use independent simulations from the T‐book values in 

uncertainty analysis in order to avoid extremely broad distributions.” (Becker 2003, 

p.11) 

 

In the above mentioned survey a minimal cut set consisting of four diesel generators were 

considered to evaluate the treatment of uncertainties in ZEDB and the T-Book. The reasons 

for choosing a MCS instead of an authentic PSA-model were to understand the 

mathematics behind the results, but also because the observed effects might be less visible, 

due to CCF etc. If the result from an authentic PSA-model for the two assumptions show no 

difference it might be negligible. However, there are still important to choose the 

assumption that is the most realistic if the purpose of PSA is planning and decision making. 

(Becker, 2009)  

 

When Becker (2009) were asked to comment on if it is desirable to choose the most 

conservative assumption, he stated that being conservative is the very last option as long as 

PSA is used for decision making. For instance, if CCF:s makes the analysis conservative it 

might be a need to invest in diverse hardware, to keep the analysis realistic.  

7.2.1 US 
All of the 104 plant operators, in the US, report failure event data into the EPIX database. It 

is assumed that similar components have the same reliability parameter. Thus, the 

variability of a population within a plant is not modeled.59 The motive behind the method is 

that failure event data is often too sparse too allow the detection of population variability. 

(Kelly, 2009) This is expressed as follows in NUREG/CR-6823.60 

 

“Because component failures are generally infrequent, it is preferable to pool the 

data from several components to obtain a larger data base. For example, it is 

common to group like pumps within a single system into one population, but less 

common to group the pumps of different systems (although it can be acceptable to 

group pumps of different systems with similar characteristics together into one 

population). Any grouping of components requires careful consideration of the 

similarity of their design (e.g., size or manufacturer), the frequency of operation, 

their environmental operating conditions (e.g., temperature, humidity, and 

radiation), operating modes (e.g., standby versus normally operating or 

intermittently operating), and the medium they carry (e.g., air, pure water, or 

borated water).” (Atwood et al., 2003, p.5-4) 

 

Another concern regarding the assumption of inhomogeneity is the assumption of 

symmetry made when modeling CCF:s in US and this would be violated if components 

were treated individually.
61

 Statistical tests, used to test for inhomogeneity, are routinely 

                                                
59

 The interviewee cannot state that the same assumption is made in all US utilities. However he believes a 
similar approach is generally taken. 

60 NUREG is short for Nuclear Regulatory Commission Regulation, which are regulatory guides, reports and 
brochures from the US Nuclear Regulatory Commission (USNRC). (USNRC, 2009). In NUREG/CR-6823 it is 
also recommended to use the method of hierarchical Bayes when estimating parameters. 
61

 Note: CCF:s based on symmetric assumptions are despite the assumption of inhomogeneity used in PSA-
models of the Nordic NPP:s. 
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applied. However these are applied at plant level since the observations at data level are 

considered to be too sparse. Description of the performed tests can be found in 

NUREG/CR-6823 (Atwood et al., 2003). The methods are to test the null hypothesis of 

homogeneity and look for contrary evidence, which would suggest too much 

inhomogeneity to accept the hypothesis.
62

 (Kelly, 2009) 

7.2.2 Finland 
Finland has NPP:s situated both in Loviisa and Olkiluoto. The utilities in Olkiluoto are part 

of the TUD-system. Failure event data for both utilities in Loviisa are stored in the same 

database. Like in the TUD-system the components are treated individually and it is 

assumed that identical components have inhomogeneous failure rates. Similar to TUD, 

these failure rates are estimated from the same prior distribution, which is based on generic 

data.63 It has been shown that some “identical” components turned out to have significantly 

different numbers of failures, since the 90% confidence interval of the failures of 

components were not overlapping. The following answer was given when Jänkälä (2009) 

was asked how he finds the Nordic approach (the answer is somewhat shortened); 

 

“I think that it reflects the reality [---] differences are coming from the 

manufacturing even if the quality is good. [---] Components are also exposed to 

differences in their operation and maintenance performed at different times. [---] If 

you pool all the data together assuming that all components have identical values 

you get too narrow uncertainty distributions. ” (Jänkälä, 2009) 

7.2.3 France 
There are 58 utilities in France all of type PWR, but they have different power output (900, 

1300 and 1450 MW). The approach in France is to form populations of components and 

estimate homogeneous reliability parameters. The criteria for grouping populations are 

sometimes based on component type and sometimes based on component function. Before 

grouping, the homogeneity of the components should be verified by a validation process of 

the data. There are no governing documents of how this validation process is performed 

and I have not been able to find out how the process works. Unlike the ZEDB approach the 

reliability data are not plant specific but generic. The motive behind the approach of 

grouping data is to derive a sufficient amount of data and TUD’s methodology was 

questioned because of few failure data. (Billy, 2009) 

7.2.4 Russia 
There are 25 NPP:s in operation in Russia, 13 is of the type VVER, which are similar to 

PWR and the other 12 are RBMK. The different types of NPP:s have individual data bases. 

The following information concerns the VVER utilities. Reliability parameters are treated 

homogeneously. When components are pooled it is important to balance the two aspects of 

achieving as much statistics as possible without creating populations in which the 

                                                
62

 The test most widely used is an approximate chi-square frequency test. However a suggestion of a Bayesian 
approach can be found in (Kelly & Smith, 2009). The latter method or a similar one might in the future 
replace the frequency test, since analysis becomes more Bayesian (Kelly, 2009). 

63
 Note: The similarities here only concerns pooling of data and not the mathematical model used when 

estimating the components which differs, see Swaling (2006) for a comparison. 
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variability among components is large. Morozov (2009) states that when treating 

components individually you will never obtain enough statistics to get confidence in the 

likelihood function and the prior will play a major role when estimating the posterior 

distribution. The assumption of inhomogeneity is therefore not systematic and consistent, 

since grouping of data is applied when calculating the prior. On the other hand, grouping of 

all identical components may increase the variability in parameters inside it. (Morozov, 

2009) 

7.2.5 Spain 
There is a national failure event data base, which contains information from all 9 NPP’s in 

Spain. Components are grouped plant wise based on failure modes and type of components. 

Other criteria can also be applied such as test intervals and different operational experience, 

etc. The motives behind this approach of treating reliability parameters is both due to 

pragmatic reason because it is practical for PSA applications and to achieve as realistic 

experience from each utility as possible. Interviewees consider the Nordic approach to be a 

realistic methodology if there are enough data. (Morales Castellanos, R. & Pereira Pagán, 

B, 2009) 

7.2.6 UK 
There are in total 15 British Energy NPP:s in the United Kingdom, one of PWR type and 

the other  fourteen of AGR type. The failure event data are collected separately for the two 

types of reactors. The assumption of homogenous reliability parameters are made for both 

types. The PWR utility uses failure event data from US plants to generate the generic prior 

and this is updated with station specific data to generate the posterior. A generic prior of the 

AGR utilities is obtained by pooling unique data of the utilities. The prior can also be 

obtained by combining the pooled data with external sources e.g. from NUREG/CR-6928, 

the T-Book and ZEDB. The prior is then updated with station specific data (each station 

consists of two utilities). The reasoning behind the homogeneous assumption is historical; 

there was not a sufficient number of observations to treat the components individually. 

There are no statistical tests performed to ensure homogeneity. However, some specific 

populations have been looked at to determine if the boundaries of the populations are 

satisfying. One of the main criterions for the grouping of PWR populations is with regard 

to their function e.g. Primary circuit/Secondary circuit; high pressure/low pressure. 

(Moir, 2009) 

7.2.7 Japan 
The Atomic Energy Society (AESJ) is now developing a Japanese standard for estimating 

parameters based on NUREG/CR 6823. Currently, data are summarized for all plants to 

generate a generic distribution for all the utilities. There are 52 utilities in Japan of both 

PWR and BWR types. 64 However, since the Japanese standard under development is based 

on the U.S. approach, a plant specific parameter is discussed. (Katsunori, 2008)  

                                                
64

 It was not quite clear in the answer of the email interview, whether Japan estimate generic reliability 
parameters for all its NPP:s or if they estimate generic reliability parameters for the different types of 
NPP:s. 
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8. QUANTITATIVE RESULTS 

8.1 Parameters 
Table 5 shows the parameters from the T-Book identified to have the greatest influence on 

the top event result based on the sensitivity measurement. The reliability parameters in 

thirteen out of the seventeen T-Book tables are estimated with the parameter 

model . Three of “the identified parameters” belong to operational components 

and are estimated with the parameter model . One of the standby component’s 

parameters is estimated with the parameter model . Most of “the identified 

parameters” are inputs to CCF events. However the CCF:s will not affect the width of the 

parameters’ distributions since the parameters are multiplied with a factor and the widths 

are similar as before but get biased compared to the nominal value.  

 

The distributions of “the identified parameters”, represented by the mean value and the 5
th

, 

50
th

 and 95
th

 percentiles derived using T-Code for the case of TUD(T-Book) and ZEDB(H), 

can be found in Appendix E. The mean values of the derived parameters for TUD(T-Book) 

and ZEDB(H) are quite similar when the parameter model  has been used; the 

differences are not larger than one order of magnitude. The parameter which had the 

greatest sensitivity value gets a greater mean value when estimated for the case of TUD(T-

Book) compared to ZEDB(H). The parameters  and  estimated with the parameter 

model  cannot be directly compared with other estimated parameters. A 

comparison of the cumulative uncertainty distribution of “the identified parameters” shows 

that the interval between the 5
th

 and 95
th

 percentiles is larger for TUD(T-Book) compared 

to ZEDB(H), when estimated with the parameter model . The interval of ZEDB(H)’s 

parameters is often not wider than two orders of magnitude. The widest distribution derived 

for ZEDB(H) is narrower than the distributions derived for TUD(T-Book). The standby 

parameters, estimated with the model , have the widest distributions, see 

Appendix E. 
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T-Book table Description of the parameters Failure mode 

Type of 
parameter 

Type of component 

1.12.1  Centrifugal pump, 
horizontal and vertical 

Spurious stop 

1.12.2 q and  Centrifugal pumps, 
horizontal and vertical 

Failure to start 

1.13.1  Centrifugal pump, 
horizontal and vertical 

Spurious stop 

1.15D.2  (q) Centrifugal pump, fire 
water pump, diesel-
powered 

Failure to start 

1.8.1  Centrifugal pump, 
horizontal and vertical 

Spurious stop 

1.8.2  (q) Centrifugal pump, 
horizontal and vertical 

Failure to start 

3.10.1  (q) Check valve Failure to open 

3.11  (q) Control valve, motor 
operated 

Failure to change 
position 

3.16.2  (q) Containment isolation 
valve, motor operated 

Failure to change 
position 

3.9.1 q and  Check valve Failure to open 

5.1.1  (q) Rod drives/control rods Failure of the 
hydraulic scram 
function 

6.8  Level transmitter Failure to obtain 
signal 

7.1.2  (q) Diesel generator Failure to start 

7.2.1  Gas turbine Spurious stop 

7.2.2  (q) Gas turbine Failure to start 

7.3.1 ) q Battery Failure to supply 
output on demand 

9.2.1 q and  Breaker 6 kV ≤ U ≤ 10 kV Failure to change 
position 

 

Table 5 - The table shows “the identified parameters”. Parameters in parenthesis found in 

the column “Type of parameters” was “not identified” in RiskSpectrum
®

, but correspond 

to either q or  since they are estimated with the parameter model  in the 

T-Book.  
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8.2 PSA-results 

8.2.1  Point estimate analysis 
The results from the point-estimate analysis of the top event are shown in Table 6. The 

frequencies of the three top events CD1, CD2 and CD3, are generated separately and are 

accounted for in the table. The summarized frequency for all core damage categories is of 

greatest relevance to compare. A first glance at the table reveals a small difference of the 

frequencies for the different test-models, less than one order of magnitude.  

 

The frequencies derived for the test-model TestTUD(T)Aλ are exactly the same as the 

frequencies derived from TestTUD(T)Bλ. This is because the mean values of the parameters 

are used when the point estimate analysis is performed. Hence, it does not matter that the 

distributions of “the not identified parameters” are removed for the test-model 

TestTUD(T)Bλ. The same applies for TestZEDBAλ and TestZEDBBλ as well as for TestTUD(T)Aq 

and TestTUD(T)Bq respectively. 

 

As mentioned in the previous chapter, the frequencies for the case of TUD(IH) cannot be 

estimated when performing a point estimate analysis. However, the top event frequencies 

derived from the uncertainty analyses are presented in the table for the test-models 

TestTUD(IH)Bλ and TestTUD(IH)Bq. These frequencies should therefore be interpreted with 

caution, but the result from these analyses can almost be considered as a point estimate 

analysis since all parameters have fixed values and only “the identified parameters” are 

event sampled. These parameters should in the case of TUD(IH) be assigned with different 

mean values for each basic event. 

 

 TestTUD(T)Aλ  
TestTUD(T)Bλ  

TestZEDBAλ 
TestZEDBBλ  

TestTUD(T)Aq  
TestTUD(T)Bq 

TestTUD(IH)Bλ* TestTUD(IH)Bq* 

CD1 1,36E-08 6,03E-09 1,73E-08 1,26E-08 6,40E-09 

CD2 1,64E-05 1,42E-05 2,11E-05 1,63E-05 1,68E-05 

CD3 9,54E-06 8,43E-06 1,09E-05 9,48E-06 9,99E-06 

Total 2,60E-05 
 

2,26E-05 3,20E-05 
 

2,58E-05 
 

2,68E-05 
 

 

Table 6 - The table shows the derived frequencies of the top events when the point estimate 

analyses are performed. TestTUD(T)Bλ, TestZEDBBλ, TestTUD(T)Bq  are presented in shadowed 

fonts, since they have similar results as the test-models above them. The frequency of Test-

models marked with an asterisk, are derived from uncertainty analyses. Note: the 

frequencies derived here do not correspond to the frequencies normally achieved at the 

Nordic BWR, because the PSA-model is not the current and parameter values have been 

changed.  

 

TestTUD(T)Aλ generates a larger value of the frequency compared to TestZEDBAλ. The 

frequencies are also larger for TUD(T-Book) compared to ZEDB when the parameter 

model is used. 
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Comparing the results of all three cases when the parameter model  is used yields the 

greatest frequency for TestTUD(T)Aλ closely followed by TestTUD(IH)Bλ. Also in this 

comparison the value from TestZEDBAλ is the lowest. 

 

The frequencies for TestTUD(T)Aq and TestTUD(T)Aλ, which indicates the difference of the 

two parameter models  and  for the case of TUD(T-Book), show that 

 generates a higher frequency. The frequencies for TestTUD(IH)Bq and TestTUD(IH)Bλ, 

which indicates the difference of the two parameter models  and  for the 

case of TUD(IH), show that the  generates a higher frequency. These tests can 

also be compared with TestZEDBBλ which has the lowest frequency. 

8.2.2 Uncertainty analyses 
The distributions of the top event frequency achieved from the performed uncertainty 

analyses are presented in the figures below. The mean values and the 5
th

, 50
th

 and 95
th

 

percentiles are also summarized in a table found in Appendix F. Instead of density 

distributions, cumulative distributions are chosen to represent the uncertainty distributions 

of the top events, because they show probabilities and can therefore be plotted with either 

linear or logarithmic scale at the horizontal axis. The cumulative distribution functions of 

the top event describes the probability to achieve a certain frequency of the top event, the 

following values of the x- and y-axis are used for the figures below: 

 

 y-axis: Percentile (values between 0 and 100). 

 x-axis: The frequency of the top event at a logarithmic scale. Note: The scales at the 

x-axis differ between the different figures, because they are adjusted to fit the 

derived distributions. 

 

When comparing the uncertainty distributions of the top event frequencies in Figures 11–25 

the differences are greatest for the percentiles above the 90
th 

percentile. However, the 

differences are small and often less than one order of magnitude.  

 

The distributions of the top event generated for the test models TestTUD(T)Aλ and 

TestTUD(T)Aq have more similar shape compared to the distributions generated for 

TestZEDBAλ. The pattern is similar for all three core damage categories even if all three 

distributions are very similar for CD3, see Figure 11–13. 



 

47 

  
 

Figure 11 - The figure shows the CDF of the three test-models; TestTUD(T)Aλ, TestZEDBAλ 

and TestTUD(T)Aq. The distributions are plotted on a logarithmic scale for CD1. 

 

 

 
 

Figure 12 - The figure shows the CDF of the three test-models; TestTUD(T)Aλ, TestZEDBAλ 

and TestTUD(T)Aq. The distributions are plotted on a logarithmic scale for CD2. 
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Figure 13 - The figure shows the CDF of the three test-models; TestTUD(T)Aλ, TestZEDBAλ 

and TestTUD(T)Aq. The distributions are plotted on a logarithmic scale for CD3. 

 

The distributions derived for the two test-models TestZEDBBλ and TestTUD(IH)Bλ are more 

similar than the distribution derived for TestTUD(T)Bλ. The distribution derived for the test-

model TestTUD(T)Bλ has a wider distribution, see Figure 14–16.  
 

 
 
Figure 14 - The figure shows the CDF of the three test-models; TestTUD(T)Bλ, TestZEDBBλ 

and TestTUD(IH)Bλ. The distributions are plotted on a logarithmic scale for CD1. 
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Figure 15 - The figure shows the CDF of the three test-models; TestTUD(T)Bλ, TestZEDBBλ 

and TestTUD(IH)Bλ. The distributions are plotted on a logarithmic scale for CD2. 

 

 

 
 

Figure 16 - The figure shows the CDF of the three test-models; TestTUD(T)Bλ, TestZEDBBλ 

and TestTUD(IH)Bλ. The distributions are plotted on a logarithmic scale for CD3. 

 

The result of three test-models: TestTUD(T)Bλ, TestTUD(T)Bq and TestZEDBBλ can be 

compared in Figure 17–19. It is in these figures shown that the shape of the distribution 

derived for the two parameter models are quite similar for the case of TUD(T-Book) and 

they are both wider compared to TestZEDBBλ. 
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Figure 17 - The figure shows the CDF of the three test-models; TestZEDBBλ, TestTUD(T)Bλ 

and TestTUD(T)Bq. The distributions are plotted on a logarithmic scale for CD1. 

 

 

 
 

Figure 18 - The figure shows the CDF of the three test-models; TestZEDBBλ, TestTUD(T)Bλ 

and TestTUD(T)Bq. The distributions are plotted on a logarithmic scale for CD2. 
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Figure 19 - The figure shows the CDF of the three test-models; TestZEDBBλ, TestTUD(T)Bλ 

and TestTUD(T)Bq. The distributions are plotted on a logarithmic scale for CD3. 

 

In Figure 20–22 is illustrated that the two parameter models  and  used for the 

case of TUD(IH) generates distributions which are similar to the distribution derived for the 

case ZEDB(H).  

 

 
 

Figure 20 - The figure shows the CDF of the three test-models; TestZEDBBλ, TestTUD(IH)Bλ 

and TestTUD(IH)Bq. The distributions are plotted on a logarithmic scale for CD1. 
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Figure 21 - The figure shows the CDF of the three test-models; TestZEDBBλ, TestTUD(IH)Bλ 

and TestTUD(IH)Bq. The distributions are plotted on a logarithmic scale for CD2. 

 

 

 
 

Figure 22 - The figure shows the CDF of the three test-models; TestZEDBBλ, TestTUD(IH)Bλ 

and TestTUD(IH)Bq. The distributions are plotted on a logarithmic scale for CD3. 
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In Figure 23-25 all the test-models with the name TestXBX can be compared.  

 

 
 

Figure 23 - The figure shows the CDF of the five test-models; TestTUD(T)Bλ, TestZEDBBλ, 

TestTUD(IH)Bλ, TestTUD(T)Bq, and TestTUD(IH)Bq. The distributions are plotted on a 

logarithmic scale for CD1. 

 

 

 
 

Figure 24 - The figure shows the CDF of the five test-models; TestTUD(T)Bλ, TestZEDBBλ, 

TestTUD(IH)Bλ, TestTUD(T)Bq, and TestTUD(IH)Bq. The distributions are plotted on a 

logarithmic scale for CD2. 
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Figure 25 - The figure shows the CDF of the five test-models; TestTUD(T)Bλ, TestZEDBBλ, 

TestTUD(IH)Bλ, TestTUD(T)Bq, and TestTUD(IH)Bq. The distributions are plotted on a 

logarithmic scale for CD3. 

 

To better see the differences; 90% confidence intervals and the mean values are plotted in 

Figure 26–28. 65 Test-models which have the letter A in their name can be compared and 

Test-models which have the letter B in their name can be compared. The former, in which 

“the not identified parameters” are unchanged, in general have wider distributions 

compared to the latter group. Let me remind you that this is reasonable since the 

uncertainty distribution of the top event is only influenced by “the identified parameters”. 

The most interesting point in the figures below is to study if the mean value of one test-

model falls outside the confidence interval of another test-model which it is compared. 

 

It is clear that the assumption of homogeneity gives more narrow uncertainty distributions: 

both when comparing TestZEDBAλ with TestTUD(T)Aλ and TestTUD(T)Aq and when 

comparing TestZEDBBλ with TestTUD(T)Bλ, TestTUD(IH)Bλ, TestTUD(T)Bq  and 

TestTUD(IH)Bq. It is also shown for all consequence categories that models that have been 

sampled with event sampling have more narrow distributions compared to test-models for 

which the same simplification are made but parameter sampling is performed, see the 

differences of TestTUD(T)Bλ and TestTUD(IH)Bλ; TestTUD(T)Bq  and TestTUD(IH)Bq. The 

parameter model  and the parameter model  give similar widths of the 

distributions.  

 

                                                
65

 Note: The Bayesian approach differs from the frequency approach, which point estimates a value and then 
assigns a confidence interval to it. Will instead the 90% confidence interval here be defined as the 
probabilistic interval between the percentile values of the 5

th
 and 95t

h 
percentiles of the cumulative 

uncertainty distribution. This interval is also called the credible interval, see for example (Alm & Britton, 
2008) 
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Figure 26 - The figure shows the confidence interval for CD1and the mean values (marked 

as arrows) of all test-models. Observe that a logarithmic scale is used at the y-axis. 

 

 

 
 

Figure 27 - The figure shows the confidence interval for CD2 and the mean values (marked 

as arrows) of all test-models. 
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Figure 28 - The figure shows the confidence interval for CD3 and the mean values (marked 

as arrows) of all test-models. 

 

9. DISCUSSION 
The opinions of the consulted experts, the theoretical examination in Chapter 5 and the 

results from the PSA:s indicate that the question of deciding whether to use the assumption 

of homogeneity or inhomogeneity is rather complex. Moreover, several factors had to be 

taken into account to evaluate how the different assumptions influence the results of the 

PSA:s. For instance, the method currently used by TUD is inconsistent, since an 

assumption of inhomogeneity is made, but the parameters of a population used in the PSA:s 

are totalized. For this reason not only two but three different cases; TUD(IH), 

TUD(T-Book) and ZEDB(H) and eight test-models were identified. To clearly show the 

differences between the two assumptions of homogeneity and inhomogeneity, discrete 

distributions were used in the PSA-models, this led to numerical computation restrictions, 

which were evaded by manually removing outliers and inserting the mean values achieved 

from T-Code. Since the parameter model  cannot be used when assuming 

homogeneity the parameters in the case of TUD(T-Book) and TUD(IH) were estimated 

with both the  and the  parameter model. However, after solving these 

issues it is now possible to compare the results from PSA:s for the two different 

assumptions. 

9.1 Expert opinions 
The ambition of the questionnaire was to identify if there is a dominant approach used 

worldwide and to distinguish any justified motives. The dominant approach was to assume 

homogeneity and the major motive seems to be to collect as much failure event data as 

TestTUD(T)Aλ TestZEDBAλ TestTUD(T)Aq TestTUD(T)Bλ TestZEDBBλ TestTUD(IH)Bλ TestTUD(T)Bq TestTUD(IH)Bq

95th 2,84E-05 2,41E-05 2,97E-05 2,19E-05 1,00E-05 1,45E-05 2,09E-05 1,63E-05

5th 6,21E-07 8,24E-07 6,08E-07 4,34E-06 7,21E-06 6,18E-06 4,18E-06 5,75E-06

Mean value 8,63E-06 7,38E-06 1,09E-05 1,03E-05 8,51E-06 9,48E-06 1,44E-05 9,99E-06
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possible to achieve confidence in the likelihood function. The motives were also due to 

pragmatic reasons to obtain a method suitable for PSA. Some countries ensured the 

homogeneity of reliability parameters for components in a population with statistical tests. 

Finland is the only country in which they like TUD apply the assumption of 

inhomogeneity. In Finland some statistical tests have been made which show that the 

failure rates within a population are significantly different and hence inhomogeneity is 

considered to be the most realistic approach. Thus, statistical methods are used to ensure 

that the assumption is reasonable. When experts engaged in safety issues of NPP:s from all 

over the world were asked to comment on the approach used by TUD, they mainly 

questioned the inconsistency of the method and the problem with sparse data when 

parameters are estimated. From the opinions of the consulted experts and the theoretical 

examination performed in Chapter 5, some factors can be identified as relevant when the 

two different assumptions should be weighed against each other; e.g. conservativeness and 

uncertainty. 

9.2 Conservativeness 
The concept of a conservative assumption was theoretically studied in Chapter 5, and 

homogeneous reliability parameters turned out to generate the most conservative 

frequencies of system failures. The results of the point estimate analysis will be considered 

when discussing the conservativeness of the two assumptions. From the interviews it has 

been shown that it is not totally clear whether it is an advantage or disadvantage to be 

conservative. SSM considers it desirable to be conservative if it is not possible to be 

realistic. On the other hand, it can be counterproductive to be overly conservative and 

therefore it should be of interest for the analyst to know the degree of conservatism of the 

assumptions that the PSA-model is based on. It is also suggested that being conservative is 

not suitable when PSA:s are used for decision making.  

 

In contrast to the results achieved from the theoretical survey, the homogenous assumption 

described by the case of ZEDB(H) did not yield the most conservative results in the PSA:s. 

TUD(T-Book) yielded greater frequencies of the top event both when comparing the total 

frequency and for all three core damage categories separately. However, the differences 

were very small, see Table 6 (test-models; TestTUD(T)Aλ and TestZEDBAλ). It is for this case 

important to remember the inconsistency of TUD’s methodology, i.e. in fact TUD and 

ZEDB both use one parameter for components belonging to the same population in the 

PSA-models. The most conservative approach in this case is rather depending on the mean 

values of the parameters. If one examines the mean values of the parameters in Appendix 

H, the mean values are quite similar for the two cases (the comparison made in this 

paragraph consider the parameter model; ). Hence, it is not surprising that the 

frequencies of the top events are similar (compare the differences of the sum of CD1, CD2 

and CD3). When examining the parameter with the largest sensitivity value, TUD(T-Book) 

yields the greatest corresponding mean value. This can explain why TUD(T-Book) derived 

the more conservative result. Becker also stressed that parameters estimated by assuming 

inhomogeneity are expected to achieve larger expected value of the parameter. The 

parameter mean value were not always larger for the TUD(T-Book) parameters compared 

to the ZEDB(H) parameters, See Appendix E.  
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In order to perform the same comparison as was made in Chapter 5, the results of the two 

cases TUD(IH) and ZEDB(H) should instead be examined (test-models: TestTUD(IH)Bλ and 

TestZEDBAλ). However, the same results are given here; TUD(IH) generates higher 

frequency compared to ZEDB(H), even if the differences are small; less than one order of 

magnitude (it is even less than a factor of 2). The reasons are probably due to the complex 

PSA-model compared to the example of a more simple redundant system given in 

Chapter 5. More basic events and combinations of the logical gates, numerical calculations, 

delimitations and CCF:s also influence the outcome achieved from the PSA-model. The 

assigned mean values of the parameters in the case of TUD(IH) are sampled from the 

TUD(T-Book) parameters, which can also influence the results since TUD(T-Book) 

generated higher frequencies compared to ZEDB(H). The same trends as was mentioned 

above are visible when the top event frequencies derived from the cases of TUD(IH) and 

TUD(T-Book), when the parameter model is used, are compared to the 

frequencies yielded for ZEDB(H). 

 

The differences described above are small; less than one order of magnitude. In Section 7.1 

it was suggested that differences smaller than one order of magnitude should not be 

considered as relevant for the results of the point estimate analyses. These results were, 

according to experts in the Nordic countries, considered to be the most important when 

evaluating the relevance of the differences between the assumptions. If the differences are 

small it is not worth the effort and resources of further evaluation. From this point of view 

and from the results achieved; the differences are too small to be considered as relevant and 

hence it does not matter which assumption is chosen. Nevertheless, TUD seems to be 

producing higher frequencies systematically. 

9.3 Uncertainty 
Proponents of the inhomogeneity assumption considered it to be more realistic when the 

variability of the population is taken into account in the distributions of the parameters and 

they have also, by means of statistical tests, shown that there exist populations in which the 

population variability is obvious. Disregarding the population variability, by summarizing 

the failure event data, would instead reduce the statistical uncertainty which tends to be 

large. Thus, an advantage of the homogeneity assumption is that more data are obtained, 

which provide more confidence in the likelihood function, and more data are by many 

experts considered to be more important than taking outliers into account. More data also 

provide less dispersed distributions, which are more suitable when discrete distributions are 

used in RiskSpectrum
®
. On the other hand, an advantage of the inhomogeneity assumption 

is that outliers are taken into account. However, I want to highlight what was shown in 

Chapter 5; that a less dispersed distribution can yield a more realistic estimate of the top 

event frequency due to a lower MSE. Hence, excluding the population variability can give a 

more realistic estimate since the distribution gets narrower. How the distributions of the 

parameters are propagated through the PSA-model when yielding the distribution of the top 

event can be studied by examining the results of the uncertainty analyses.  

 

The fundamental differences of the results when only the distributions of “the identified 

parameters” have been sampled and all other parameters’ mean values are fixed will first be 

examined (test-models: TestTUD(IH)Bλ, TestTUD(T)Bλ and TestZEDBBλ). In these test-models, 
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the reliability parameters of the standby components have been estimated with the 

parameter model . The narrow distributions of reliability parameters of ZEDB(H) are 

propagated through the model generating more narrow distributions of the top event 

frequencies, compared to the distributions of the top event for TUD(T-Book). In Figure 14–

16 the uncertainty distributions of the top event frequencies for ZEDB(H) and TUD(IH) are 

more similar than the distribution for TUD(T-Book). This is probably due to that event 

sampling has been used in the case of TUD(IH), which generates more narrow distributions 

because the state of knowledge dependence is lost. The mean values of TUD(IH) and 

ZEDB(H) are covered by the 90% confidence interval of TUD(T-Book), but the confidence 

interval of ZEDB(H) is too narrow to cover the mean values of the other two for all core 

damage categories, see Figure 26–28. Using the measurement suggested in Section 7.1 

implies that the difference of the results derived from PSA:s for the assumptions of 

homogeneity and inhomogeneity is relevant.  

 

When values of all the parameters in the PSA-models are sampled, i.e. all parameters are 

assigned a distribution, it is clear that the distributions of the parameters estimated for 

ZEDB(H) yields a more narrow distribution of the top event compared to TUD(T-Book), 

see Figure 11–13. For CD2 and CD3 the mean value of the top event frequency for 

ZEDB(H) is covered by the confidence interval derived for TUD(T-Book) and vice versa, 

see Figure 26–28. However, the mean value derived from TUD(T-Book) is outside the 

confidence interval of ZEDB(H) for CD1. This is an indication that there is a difference 

worth noticing according to the measurement in Section 7.1. However, the difference is not 

as obvious as it was when “the not identified parameters” had a fixed value. 

 

Uncertainty analyses where also performed when the parameters, in the case of 

TUD(T-Book) and TUD(IH), were estimated with the parameter model  

(testmodels: TestTUD(T)Aq, TestTUD(T)Bq and TestTUD(IH)Bq). In Figures 17–19 and Figures 

11–13 it can be seen that the shapes of the distributions derived from the two parameter 

models  and  for TUD(T-Book) are similar. In Figures 20–22, the shapes 

of all three distributions for the two parameter models  and  for TUD(IH) 

and the distribution for ZEDB(H) are similar. This is probably once again due to event 

sampling, which yields more narrow distributions. When comparing the mean values and 

the confidence intervals for ZEDB(H) with TUD(IH) and TUD(T-Book) when the 

parameter model  is used and “the not identified parameters” have a fixed 

value, there is a relevant difference between ZEDB(H) and TUD(T-Book). The difference 

is not significant when comparing ZEDB(H) and TUD(IH). When all parameters in the 

PSA-model are sampled, there is not a significant difference between the results from 

ZEDB(H) and TUD(T-Book) when the parameter model  is used (in fact, the 

mean value for TUD(T-Book) is at the margin to the confidence interval of ZEDB(H)). 

 

To summarize, the more narrow distributions of the homogenous parameters are propagated 

through the PSA-model and they generate more narrow distributions for the top events 

compared to parameters estimated when assuming inhomogeneity. However, if event 

sampling is used, narrower distributions are yielded for the inhomogeneity assumption and 

the shapes of the distributions become more like the distributions derived when assuming 

homogeneity. The derived mean values of the top events when uncertainty analyses were 

performed are found in Appendix F and from this it is shown that TUD(IH) yields more 
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conservative values. In Appendix F It should be noted that the differences are small 

between the distributions for all three cases. Since the assumption of homogeneity 

generates more narrow distributions of the top event frequencies, the 90% confidence 

interval of this frequency do not always cover the mean values derived when assuming 

inhomogeneity, which implies a relevant difference of the two assumptions according to the 

proposed measurement in Section 7.1. The difference is most clear when only the 

“identified parameters” are sampled, which shows the fundamental difference. The 

difference is also more obvious when the parameter model  is used. Even if the 

differences were not significant for all test-models it can be valuable to further evaluate the 

two different assumptions. If the conditions for the PSA-model or data collection process 

etc. are changed the differences could become more obvious, which indicates the 

importance of evaluating the two different assumptions. 

 

The different assumptions influence the width of the top events’ uncertainty distribution in 

a significant way. This indicates the relevance of a balance between taking population 

variability into account and reducing the statistical uncertainty. A way to satisfy both these 

alternatives is to seek as homogeneous populations as possible. Germany can be regarded 

as a leading country in this area as they are actively searching for more homogeneous 

populations. If the groups of components were arranged so that only small variations within 

the population existed, then the need of illustrating the population variability would be 

reduced and more statistics would be obtained.  

9.4 The relevance of statistical tests 
In Section 7.1 it was suggested that the results of the point estimate analysis were the most 

important. The results from the point estimate analyses in this thesis indicated no relevant 

difference between the different test-models when applying the measurement in 

Section-7.1. The question of which assumption is the most preferable is from this point of 

view not obviously worth any further examination. On the other hand, the uncertainty 

analyses indicated that the different assumptions affected the uncertainty distribution of the 

top event differently. The influence of the uncertainty analyses could be even greater if the 

conditions for the PSA-models were changed, which both Becker and Lindahl pointed out. 

In Section 7.2 the differences from the uncertainty analysis were highlighted as important, 

whereby the relevance of the identified differences in this thesis cannot be ignored. For this 

reason it would be desirable to further evaluate whether the assumption of homogeneity or 

inhomogeneity should be made.  

 

Statistical tests as a method to ensure whether or not the populations are homogeneous can 

therefore be a valuable tool. The statistical tests performed by Höge indicated that most of 

the populations were homogeneous but populations of the standby components were to a 

greater extent inhomogeneous. In this thesis the parameters that were identified as the most 

important were mainly parameters representing standby components (only three out of the 

seventeen identified parameters belonged to operating components). Hence, it would be 

risky for TUD to change the assumption simply because statistical tests show that most 

populations are homogeneous. The populations that are of greatest importance, i.e. standby 

components, should be taken into consideration. Hence, it is here suggested that a 

generalization of homogeneity (or inhomogeneity) should not be made unless statistical 
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tests indicate that the most important populations are homogeneous (or inhomogeneous). 

This implies that it is better to generalize the assumption based on the characteristics of the 

most important components identified in the PSA models. Hence, this is one more factor or 

principle to consider when evaluating the two assumptions and it is based on the end-use of 

the parameters. 

 

The inhomogeneity assumption made by TUD is inconsistent. Event sampling could 

possible counterbalance this since individual mean values of the parameters are sampled 

and used in the analyses. Hence, inhomogeneous reliability parameters will be used for 

each basic event despite the fact that individual parameters are summarized when assuming 

inhomogeneity. Even more, this would prevent the uncertainty distribution to be “too 

broad” as expressed by Becker. A suggestion is therefore to change the sampling method in 

RiskSpectrum
®
, so that event sampling is used for parameters of inhomogeneous 

populations (e.g. for standby components) and parameter sampling is used for parameters 

of homogeneous populations (e.g. for continuous operated components). This approach 

could be supplied by applying statistical tests. The approach is also preferable since it for 

pragmatic reasons is not desirable to make different assumptions for the different types of 

components when estimating the parameters. However, it should first be established that 

event sampling is a better way to represent the inhomogeneous parameters. In Section 7.2 it 

was proposed that event sampling should be used to narrow the distributions of the top 

event frequencies when assuming inhomogeneity. Event sampling used in this thesis also 

resulted in more narrow distributions, and hence the distributions for TUD(IH) were closer 

to the distributions for ZEDB(H) than TUD(T-Book). The fact that event sampling results 

in narrower distributions do not alone justify this sampling method. An even more 

important motive is if it reduces the inconsistency of the inhomogeneity approach. Further 

evaluation of how suitable event sampling is when assuming inhomogeneity would be of 

interest.  

 

Another important factor to consider when evaluating the different approaches of assuming 

inhomogeneity or homogeneity due to the end-use of the parameters is that the parameter 

model  cannot be used for the assumption of homogeneity. This parameter 

model is considered to represent the failure rates of standby components in a better way. If 

statistical tests indicate that populations are homogeneous it should be evaluated if the 

parameter model  can illustrate the parameters as good as the parameter model 

. On the other hand, this model is more complicated compared to the parameter 

model  whereby the risk for misinterpretations increases and more statistical data are 

needed. 

10. CONCLUSIONS 
In this thesis it has been shown that not only the correctness of the assumptions made 

before estimating the parameters is important but also the use of the reliability parameters. 

The different assumptions had different influence on the outcome but also the different 

choices that are made in RiskSpectrum
®
 are important.  The differences achieved from the 

results of the PSA;s indicates that statistical test are of relevance, but there are also other 

factors to consider.  
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The two assumptions did not yield any obviously significant differences when studying the 

results from the point estimate analysis and thus it cannot be determined which of the two 

assumptions that “in practice” is to be considered the most conservative. This in spite of the 

fact that assuming homogeneity is in theory more conservative. Since the different 

assumption yielded similar results it does not matter which assumption that is chosen from 

this perspective, when applying the measurement found in Section 7.1. However, some 

experts in the field find it most important to strive for the most realistic assumption 

regardless of which assumption is the most conservative in the PSA:s. Conservativeness is 

therefore not the most important principle to consider when choosing between the 

assumptions.  

 

However, The result of the uncertainty analyses is important to consider when choosing 

between the assumptions. A narrow distribution of the top event frequency can be more 

realistic since the MSE is smaller. The homogeneity assumption yields more narrow 

distributions, i.e. more confidence in the likelihood function, since more evidence is used 

when the parameter is estimated. This could be viewed as an advantage of the homogeneity 

assumption and is the reason why many of the consulted experts consider it important to 

summarize data. On the other hand the inhomogeneity assumption takes population 

variability into consideration and outliers are therefore covered. The only way to satisfy 

both of these alternatives is to create populations which are as homogeneous as possible, so 

the population variability decreases and data increases. In this thesis it was found that the 

distributions of the parameters are propagated through the PSA-model and the distributions 

of the frequency of the top event are affected. Narrow distributions which are achieved 

when assuming homogeneity yields narrower distributions of the top event and the wider 

distributions achieved when assuming inhomogeneity provide wider distributions of the top 

event. The differences are relevant since the mean value derived when assuming 

homogeneity fall outside the 90% confidence interval when homogeneity is assumed.  

 

Since the assumptions of homogeneity and inhomogeneity influence the top event 

differently, statistical test such as homogeneity tests can be a valuable tool to evaluate if the 

populations are homogenous or not. These can be used to ensure the homogeneity as was 

suggested in the above paragraph. However, generalizing homogeneity or inhomogeneity 

only because most of the populations in a NPP are found to be homogeneous or 

inhomogeneous through statistical tests is not preferable. The end-use of the reliability 

parameters should also be taken into consideration. From the end-use perspective it is 

valuable to indentify which characteristics of the components that are the most important. It 

was in this thesis found that reliability parameters of standby components had the greatest 

influence (highest sensitivity value) on the outcome of the PSA:s. When generalizing 

homogeneity or inhomogeneity this may be important to consider. How the parameters are 

sampled also influence the outcome of the PSA:s and a suggestion is therefore that 

considerations also are taken so the sampling approach is suitable for the chosen 

homogeneity assumption.    

11. SUGGESTIONS FOR FUTURE STUDIES 
The PSA:s performed in this thesis revealed that the assumptions of homogeneity and 

inhomogeneity influence the outcome in such a way that it is of interest to further establish 
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which of the two assumption is the most preferable. Some areas have therefore been 

identified to be of interest to further examination.  

 

 In the uncertainty analysis it was shown that the differences were smaller between 

ZEDB(H) and TUD(T-Book) when the parameter model  was used. The 

parameter model  is not revised and further evaluation of the two 

parameter models is therefore of interest. To evaluate how they influence the 

estimated parameters and which parameter model is most suitable considering that 

data are sparse and when the end-use of the reliability parameters is taken into 

consideration. If statistical tests indicate that populations are homogeneous it would 

also be of interest to evaluate if the parameter model  can illustrate the 

parameters as good as the parameter model .  

 

 It would also be interesting to evaluate how well the method of event sampling suits 

TUD’s approach of assuming inhomogeneity. In such an evaluation the loss of state 

of knowledge dependency would have to be considered. If this sampling method is 

suitable when inhomogeneity is assumed then it would be of further interest to 

survey how the sampling method in RiskSpectrum
®
 could be changed so that both 

parameter and event sampling could be performed in the same uncertainty analysis.  
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APPENDIX A - TERMS AND DEFINITIONS 
 

Nuclear Power Plants in the Nordic Countries  

B1 - Barsebäck 1 

B2 - Barsebäck 2 

F1 - Forsmark 1 

F2 - Forsmark 2 

F3 - Forsmark 3 

O1 - Oskarshamn 1 

O2 - Oskarshamn 2 

O3 - Oskarshamn 3 

R1 - Ringhals 1 

R2 - Ringhals 2 

R3 - Ringhals 3 

R4 - Ringhals 4 

OL1 - Olkiluoto 1  

OL2 - Olkiluoto 2  

 

Abbreviations of different types of reactors  

BWR - Boiling Water Reactor 

CANDU - Canadian-invented, Pressurized Heavy Water Reactor  

HWR - Heavy Water Reactor 

LWR - Light Water Reactor 

PWR - Pressurized Water Reactor 

RBMK - Graphite-moderated NPP of the same type as the one involved in the Chernobyl 

accident 

VVER - Series of PWR:s developed by the Soviet Union 

 

Terms 

CCF - Common cause failures 

CD1 - Core Damage category 1, failure of reactivity control 

CD2 - Core Damage category 2, failure of reactor coolant make-up 

http://en.wikipedia.org/wiki/Pressurized_heavy_water_reactor
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CD3 - Core Damage category 3, loss of residual heat removal 

MCS - Minimal Cut Set  

NPP - Nuclear Power Plant 

PSA - Probabilistic Safety Assessment 

RDI - Risk Decrease Factor 

RIF - Risk Increase Factor 

RiskSpectrum
®
 - RiskSpectrum

®
 Professional 

 

Organizations 

AESJ - The Atomic Energy Society  

NPSAG - Nordiska PSA Gruppen, a union of SMM and the NPPs in TUD. NPSAG 

discusses PSA related issues and initializes research project. 

NUREG - Nuclear Regulatory Commission Regulation 

TUD - Tillförlitlighet, Underhåll och Drift, in English: Reliability, Maintenance and 

Operation. In this thesis also used as the umbrella term for the Nordic TUD-system. 

VGB - Vereingung der Grosskraftwerksbetreiber, in English: Technical Association of 

Large Power Plant Operators 

RISA - RISA Sicherheitsanalysen GmbH 

SSM - The Swedish Radiation Safety Authority  

SSMFS - Regulations of SSM 

USNRC - US Nuclear Regulatory Commission 

ZEDB - Zentrale Zuverlässigkeits‐ und Ereignisdatenbank, In English: The Centralized 

Reliability and Event Database. In this thesis also used as the umbrella term for the 

German ZEDB-system 

 

Definitions 
 

Basic event 

A basic event is failure event in a fault tree, which cannot be subdivided into smaller 

events. 

 

Critical failure 

A critical failure is failure that stops the function of a component or leads to repair.  
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Common Cause Failures 

A common cause failure is defined as the simultaneous failure or unavailability of more 

than one component due to shared causes other than the already modeled in the PSA-

model. 

 

Cumulative distribution function 

A cumulative distribution function gives the probability that the random variable does not 

exceed a given value x. For a random variable X the Cdf is defined as;   

 

Failure probability at demand 
Failure probability at demand can be described as; “The probability that a component fails 

to perform its function when required. Examples: the probability that a pump will not start 

and a valve does not respond when its state is to be changed”. (T6, 2005, p.23) 

 

Failure rate 
A failure rate can be described as; “The limit value of the ratio of the probability of failure 

of a component in a time interval to the length of the interval, as the latter approaches zero, 

conditioned on that the component is functioning at the beginning of the interval.” (T6, 

2005, p.23) 

 

Generic distribution 

A generic distribution is based on operational statistics of all plants i.e. for all NPP:s in the 

TUD system. 

 

Initiating event 

An initiating event is an undesired event that causes disturbance in the system which 

requires automatic or manual activation of the plant's safety systems.  

 

Internal event 

An internal event is an initiating event caused by a fault in the process system. 

 

Minimal Cut Set 

A Minimal Cut Set is the minimal set of basic events in a fault tree which, if they all occur, 

causes the top event to occur.  

 

Monte Carlo simulation 

A Monte Carlo simulation is a computational algorithm which performs random sampling. 

It is used to achieve approximate information about a quantity, when results are not 

possible to attain with analytical computations. It can also be used to model systems with 

uncertainty in inputs. 

 

Nuclear Regulatory Commission Regulation 

Nuclear Regulatory Commission Regulation is regulatory guides, reports and brochures 

published by USNRC.  
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Reliability parameters 

Reliability parameters are estimated based on failure event data. Used in the parametric 

models in the PSA. In the T‐book these are abbreviated: 

 

  Probability of time independent failure on demand, 

  Failure rate for components under operation, 

  Failure rate for components in standby. 

 

T‐Book 

The T-Book contains reliability parameters for the Nordic NPP:s. 

 

T‐Code 

T-Code is a computational algorithm developed by Pörn Consulting and  used for 

estimating reliability data based on Bayesian methodology for the Nordic NPPs.  

 

TUD(IH) 

TUD(IH) illustrates the approach of assuming inhomogeneity when estimating reliability 

parameters and then model individual parameters of the components in the PSA-model. 

 

TUD(T-Book) 

TUD(T-Book) illustrates the approach used in T-Book of assuming inhomogeneity when 

estimating reliability parameters and then average these to a generic distribution, which is 

used for all components in a population in the PSA-model. 

 

ZEDB(H) 

ZEDB(H) illustrates the approach used in ZEDB; assuming homogeneity of the 

components' reliability parameters of the same populations and estimating a distribution 

used in the PSA-model. 
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APPENDIX B – AN EXAMPLE OF A TABLE FROM 
THE T-BOOK 

 
Failure prob./ rate:  (q0 : 10

-5
/b,  

   λs: 10
-
6/h) 

  Mean 

active  

     repair 

time  

Plant  5%  50%  95%  mean  (h)  

Barsebäck 1 (λs)  0.0  1.3  21.6  4.9  8  

(q0)  0.0  1.7  37.4  8.2   

Barsebäck 2 (λs)  0.0  1.0  27.6  6.2  7  

(q0)  0.0  1.7  36.5  8.3   

Forsmark 1  (λs)  0.0  0.6  14.9  3.1  4  

(q0)  0.0  1.7  36.4  8.0   

Forsmark 2  (λs)  0.0  0.6  12.4  2.7  5  

(q0)  0.0  1.7  37.2  8.1   

Forsmark 3  (λs)  0.0  1.5  19.3  4.6  3  

(q0)  0.0  1.7  37.6  8.2   

Oskarshamn 1  (λs)  0.0  1.6  29.3  6.8  3  

(q0)  0.0  1.7  37.5  8.2   

Oskarshamn 2  (λs)  0.0  0.8  16.3  3.6  2  

(q0)  0.0  1.7  37.0  8.0   

Oskarshamn 3  (λs)  0.0  1.2  21.7  5.1  3  

(q0)  0.0  1.7  37.1  8.2   

Ringhals 1  (λs)  0.0  1.1  19.2  4.4  4  

(q0)  0.0  1.8  38.2  8.3   

Ringhals 2  (λs)  0.0  1.0  16.4  4.0  5  

(q0)  0.0  1.7  37.8  8.2   

Ringhals 3  (λs)  0.0  0.5  9.0  2.3  4  

(q0)  0.0  1.7  31.2  8.2   

Ringhals 4  (λs)  0.0  0.7  12.5  3.1  4  

(q0)  0.0  1.7  37.3  8.3   

Olkiluoto 1  (λs)  0.0  0.7  14.7  3.4  3  

(q0)  0.0  1.8  37.7  8.2   

Olkiluoto 2  (λs)  0.0  0.6  15.9  3.5  3  

(q0)  0.0  1.7  37.4  8.1   

Generic (λs)  0.0  0.9  19.0  4.1  4  

(q0)  0.0  1.7  37.7  8.1   
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APPENDIX C - FINDING THE MINIMUM  OF A 
SYSTEM THAT REQUIRES THAT 1-OUT-OF-3 
COMPONENTS IS FUNCTIONING 

 

A redundant system with three components in shunt with the 1-out-of-3  logical gate has 

the following survival function.  

 

. 

Use the method of Lagrange multipliers to find the minimum of the function subject 

to the constraint  and add the the Lagrange multiplier a. 

 

Set all the partial derivatives of the Lagrange function equal to zero: 

: , 

: , 

: , 

: . 

Solving and simplifying the system of equations gives the following formulas: 
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APPENDIX D - COMPARISON OF MEAN VALUES 
DERIVED FROM RISKSPECTRUM® AND 
T-CODE 

A comparison of the mean values achieved when estimating parameters in T-code and the 

corresponding mean values achieved in RiskSpectrum
®
, when using a discrete distribution. 

 

 
 

T-code RS Diff:          

(Tcode-RS)
1,12,1_TUD(T_Book) 2,02E-04 2,02E-04 -5,00E-07

1,12,2_TUD(T_Book) 5,76E-06 5,77E-06 -9,00E-09

1,13,1_TUD(T_Book) 5,84E-04 5,85E-04 -1,40E-06

1,15D,2_TUD(T_Book) 1,43E-04 1,44E-04 -7,00E-07

1,8,1_TUD(T_Book) 2,31E-05 2,84E-05 -5,32E-06

1,8,2_TUD(T_Book) 7,75E-06 7,77E-06 -1,90E-08

3,10,1_TUD(T_Book) 3,27E-07 3,50E-07 -2,27E-08

3,11_TUD(T_Book) 7,75E-06 7,77E-06 -1,90E-08

3,16,2_TUD(T_Book) 3,46E-06 3,47E-06 -1,10E-08

3,9,1_TUD(T_Book) 1,69E-07 2,05E-07 -3,63E-08

5,1,1_TUD(T_Book) 1,04E-07 1,12E-07 -8,50E-09

6,8_TUD(T_Book) 3,69E-06 3,70E-06 -8,00E-09

7,1,2_TUD(T_Book) 4,44E-05 4,44E-05 -4,00E-08

7,2,1_TUD(T_Book) 8,99E-03 9,01E-03 -1,60E-05

7,2,2_TUD(T_Book) 4,23E-05 4,23E-05 -3,00E-08

7,3,1_TUD(T_Book) 2,55E-07 2,99E-07 -4,44E-08

9,2,1_TUD(T_Book) 4,85E-07 5,10E-07 -2,49E-08

1,12,1_ZEDB(H) 2,16E-04 2,16E-04 4,00E-07

1,12,2_ZEDB(H) 6,02E-06 6,02E-06 -4,00E-09

1,13,1_ZEDB(H) 6,41E-04 6,41E-04 -3,00E-07

1,15D,2_ZEDB(H) 1,45E-04 1,45E-04 -1,00E-07

1,8,1_ZEDB(H) 3,08E-05 3,08E-05 3,00E-08

1,8,2_ZEDB(H) 7,17E-06 7,17E-06 -4,00E-09

3,10,1_ZEDB(H) 1,92E-07 1,92E-07 3,00E-10

3,11_ZEDB(H) 7,91E-06 7,91E-06 1,00E-09

3,16,2_ZEDB(H) 3,19E-06 3,19E-06 0,00E+00

3,9,1_ZEDB(H) 8,68E-08 8,67E-08 5,00E-11

5,1,1_ZEDB(H) 1,22E-07 1,22E-07 3,00E-10

6,8_H_ZEDB(H) 3,74E-06 3,74E-06 1,00E-09

7,1,2_ZEDB(H) 4,75E-05 4,75E-05 3,00E-08

7,2,1_ZEDB(H) 2,18E-04 2,15E-04 2,70E-06

7,2,2_ZEDB(H) 4,26E-05 4,26E-05 0,00E+00

7,3,1_ZEDB(H) 7,83E-08 7,83E-08 2,00E-11

9,2,1_ZEDB(H) 4,69E-07 4,69E-07 1,00E-10

Parameter models f(λd) and f(λs)
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T-code RS Diff:  

(Tcode-RS)

T-code RS Diff:          

(Tcode-RS)

1,12,2_TUD(T_Book) 2,99E-06 3,00E-06 -7,00E-09 1,77E-03 1,77E-03 -4,00E-06

1,15D,2_TUD(T_Book) 1,50E-04 1,50E-04 -2,00E-07 8,95E-03 7,44E-03 1,51E-03

1,8,2_TUD(T_Book) 3,34E-06 3,36E-06 -1,70E-08 1,86E-03 1,79E-03 7,40E-05

3,10,1_TUD(T_Book) 2,81E-07 3,00E-07 -1,91E-08 2,79E-05 2,43E-05 3,57E-06

3,11_TUD(T_Book) 8,09E-06 8,10E-06 -1,20E-08 2,32E-04 2,34E-04 -1,60E-06

3,16,2_TUD(T_Book) 3,61E-06 3,62E-06 -1,20E-08 7,93E-05 7,99E-05 -6,00E-07

3,9,1_TUD(T_Book) 9,01E-08 9,66E-08 -6,52E-09 3,41E-05 2,63E-05 7,79E-06

5,1,1_TUD(T_Book) 5,50E-08 6,26E-08 -7,59E-09 7,97E-05 7,52E-05 4,49E-06

7,1,2_TUD(T_Book) 4,13E-05 4,13E-05 -2,00E-08 4,30E-04 4,33E-04 -2,90E-06

7,2,2_TUD(T_Book) 3,71E-05 5,24E-03 -5,20E-03 1,32E-03 1,33E-03 -7,00E-06

7,3,1_TUD(T_Book) 6,26E-08 6,75E-08 -4,94E-09 6,69E-04 6,70E-04 -1,50E-06

9,2,1_TUD(T_Book) 3,88E-07 4,01E-07 -1,26E-08 6,40E-04 6,42E-04 -1,70E-06

q

Parameter model: f(q, λs, T)

λs
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APPENDIX E - ESTIMATED PARAMETERS WITH 
T-CODE  

The mean values and three percentiles attained when estimating parameters using 

T-code for the two cases TUD(T-Book) and ZEDB(H) are represented in the table. The 

total numbers of failures of the population in the specific Nordic BWR are also listed in 

the table. 

 

TUD(T-Book)ZEDB(H)

λs and λd λs and λd λs q

Mean 2,31E-05 3,08E-05

5th 2,18E-06 1,91E-05

50th 2,28E-05 3,02E-05

95th 7,38E-05 4,48E-05

Mean 7,75E-06 7,17E-06 3,34E-06 1,86E-03

5th 5,03E-08 4,49E-06 2,66E-44 9,61E-06

50th 3,03E-06 6,99E-06 5,15E-08 1,05E-03

95th 3,24E-05 1,04E-05 2,06E-05 6,30E-03

Mean 2,02E-04 2,16E-04

5th 2,54E-05 6,77E-05

50th 1,69E-04 1,91E-04

95th 4,63E-04 4,49E-04

Mean 5,76E-06 6,02E-06 2,99E-06 1,77E-03

5th 1,46E-06 3,18E-06 2,38E-28 1,64E-06

50th 5,33E-06 5,76E-06 1,65E-06 7,94E-04

95th 1,15E-05 9,74E-06 1,03E-05 6,65E-03

Mean 5,84E-04 6,41E-04

5th 1,15E-04 1,72E-04

50th 5,13E-04 5,56E-04

95th 1,28E-03 1,40E-03

Mean 1,43E-04 1,45E-04 1,50E-04 8,95E-03

5th 8,12E-05 8,24E-05 6,45E-07 2,76E-06

50th 1,39E-04 1,41E-04 1,52E-04 3,46E-04

95th 2,20E-04 2,23E-04 2,48E-04 6,66E-02

Mean 1,69E-07 8,68E-08 9,01E-08 3,41E-05

5th 9,64E-16 1,68E-08 0,00E+00 4,92E-08

50th 1,13E-10 6,68E-08 2,05E-18 6,54E-06

95th 8,73E-07 2,25E-07 2,07E-07 1,33E-04

Mean 3,27E-07 1,92E-07 2,81E-07 2,79E-05

5th 2,41E-15 3,05E-08 0,00E+00 6,23E-08

50th 1,25E-09 1,59E-07 2,93E-13 6,85E-06

95th 1,75E-06 4,71E-07 1,37E-06 1,13E-04

Mean 7,75E-06 7,91E-06 8,09E-06 2,32E-04

5th 5,03E-08 5,54E-06 1,57E-08 5,24E-07

50th 3,03E-06 7,85E-06 2,49E-06 5,09E-05

95th 3,24E-05 1,05E-05 3,66E-05 1,07E-03

Mean 3,46E-06 3,19E-06 3,61E-06 7,93E-05

5th 3,86E-09 1,95E-06 9,69E-11 1,39E-07

50th 1,38E-06 3,12E-06 8,24E-07 1,65E-05

95th 1,39E-05 4,67E-06 1,66E-05 3,67E-04

15

14

11

16

2

1

3.16.2 

Standby

1.8.1 

Operational 

1.12.2   

Standby

1.12.1 

Operational 

1.15D.2  

Standby

12

1

5

1

1.13.1 

Operational 

3.11  

Standby

Total number 

of failures in 

the population 

TUD(T-Book)

Percentiles

1.8.2 

Standby

3.10.1  

Standby

3.9.1  

Standby
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Mean 1,04E-07 1,22E-07 5,50E-08 7,97E-05

5th 1,60E-15 3,51E-08 0,00E+00 6,64E-07

50th 3,34E-10 1,09E-07 4,98E-36 4,05E-05

95th 4,71E-07 2,59E-07 1,67E-08 2,76E-04

Mean 3,69E-06 3,74E-06

5th 6,27E-07 2,62E-06

50th 3,20E-06 3,69E-06

95th 8,45E-06 5,04E-06

Mean 4,44E-05 4,75E-05 4,13E-05 4,30E-04

5th 1,28E-05 3,17E-05 8,83E-06 1,81E-07

50th 4,10E-05 4,67E-05 3,84E-05 2,67E-05

95th 8,66E-05 6,59E-05 8,34E-05 1,77E-03

Mean 8,99E-03 2,18E-04

5th 3,35E-03 1,34E-04

50th 7,98E-03 2,23E-04

95th 1,79E-02 2,70E-04

Mean 4,23E-05 4,26E-05 3,71E-05 1,32E-03

5th 3,11E-05 3,15E-05 1,49E-05 1,74E-06

50th 4,18E-05 4,24E-05 3,74E-05 2,84E-04

95th 5,52E-05 5,25E-05 5,71E-05 6,59E-03

Mean 2,55E-07 7,83E-08 6,26E-08 6,69E-04

5th 3,03E-15 5,94E-12 0,00E+00 4,13E-06

50th 1,75E-09 2,88E-08 7,35E-29 3,62E-04

95th 1,45E-06 3,22E-07 1,11E-07 2,37E-03

Mean 4,85E-07 4,69E-07 3,88E-07 6,40E-04

5th 3,88E-14 2,49E-07 0,00E+00 8,71E-07

50th 2,51E-08 4,38E-07 4,24E-14 2,34E-04

95th 2,42E-06 7,95E-07 1,79E-06 2,65E-03

7.2.2  

Standby

6.8     Standby

5.1.1 Standby

11

7.2.1 

Operational 

17

10

3

207.1.2  

Standby

9.2.1  

Standby

6

7.3.1  

Standby

0
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APPENDIX F - RESULTS OF UNCERTAINTY 
ANALYSES 

The table shows the test results from the uncertainty analyses for the three 

consequences and the six test-models. The uncertainty distributions of the top events are 

represented by the mean values and the 5
th

, 50
th

 and 95
th

 percentiles of the cumulative 

distribution functions. Test-models marked with an asterisk have manually calculated 

mean values after removing outliers. 

 

 




