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1 Executive Summary 

This report presents the outcomes of the preliminary work carried out in Task 2.3 
(“Development of methods to derive vector-valued fragility functions in a multi-hazard 
approach”) of the NARSIS H2020 project. It presents the methodological basis for the 
derivation of vector-valued fragility functions, either in the case of multiple intensity measures 
describing a given hazard loading or in the case of intensity measures related to different 
hazard events. The procedures and methods detailed in the present report are meant to be 
applied to the subsequent fragility analysis of critical structures, systems and components, 
which will take place in the second phase of Task 2.3. 

Section 3 of the report consists in a literature review of current approaches for deriving fragility 
functions for structures, systems and components. An emphasis is put on the treatment of 
uncertainties and their propagation up to the representation of the fragility functions. 

Section 4 of the report is devoted to the case of seismic fragility functions, where the benefits 
of using vector-based IMs (or “vector-IMs”) are discussed from the point-of-view of the 
reduction of aleatory uncertainty (i.e., record-to-record variability). Two simplified case studies 
are detailed as examples, i.e. the seismic fragility of a PWR main steam line and the seismic 
fragility of a fuel assembly grid. For both these applications, the uncertainties induced by 
scalar-IM fragility curves or vector-IM fragility functions are compared and discussed. Globally, 
a reduction in the dispersion is observed, although some care should be taken when 
interpreting vector-IM fragility functions that are based on strongly correlated variables (i.e., 
ground-motion parameters). 

Section 5 of the report investigates multi-hazard fragility functions and puts forward a 
harmonized framework in order to treat various cases of multi- and single-hazard interactions. 
As a result, it is found that a total of five cases may be able to describe most of the 
configurations that are encountered, when dealing with external hazard events: 

1. Standard single-IM case, with a simple IM-EDP relationship. 

2. Vector-IM fragility function, usually with a correlation between the IMs. 

3. System fragility function, resulting from the assembly of single component damage events 
(i.e., combination of failure modes). The correlation between the occurrences of the failure 
modes, given the IMs, should be taken into account. 

4. Multi-hazard fragility function, where a multi-variate distribution function represents the 
damage probability due to the interaction of co-occurring loadings. 

5. Damage-state-dependent fragility functions where a first hazard loading may degrade the 
resistance of the SSC or alter the conditions for when a subsequent hazard loading is 
applied (i.e., sequence of events). The hazards may be correlated (i.e., same source event, 
or one hazard event triggering another) or independent (i.e., occurrence within the same 
time window). 
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2 Introduction 

As a crucial step of the Probability Safety Assessment (PSA) of a Nuclear Power Plant (NPP), 
the vulnerability of the structures, systems and components (SSC) must be quantified with 
respect to a wide range of external loadings induced by natural hazards. To this end, fragility 
curves, which express the probability of an SSC to reach or exceed a predefined damage state 
as a function of an intensity measure representing the hazard loading, are common tools 
developed in the nuclear industry. Their probabilistic nature make them well suited for PSA 
applications, at the interface between probabilistic hazard assessments and event tree 
analyses, in order to estimate the occurrence rate of undesirable top events. 

Due to the thousands of SSCs that may be comprised within a NPP, most nuclear regulations 
advocate the application of Safety Factors methods, which consist in multiplying design level 
values with factors representing uncertainties due to capacity and demand variability. This 
approach has been used by practitioners since the 1980s, due to its relative ease of 
implementation when compared to time-consuming numerical simulations. More recently, the 
Risk Informed approach has assumed a more relevant role in safety analysis as compared to 
the safety factor model: it focuses on the evaluation of the “probabilistic margin”, defined by 
the probability that the load exceeds the capacity. 

Therefore, one of the objectives of the NARSIS Work Package 2 is to develop refined fragility 
derivation methods in order to increase the accuracy of the estimation of SSC failure rates, 
thanks to current advances in quantitative hazard modelling and computational capacities. 
Such fragility models are expected to provide the following features: 

 Use of multiple intensity measures expressing a given hazard loading, in order to 
improve its characterization and reduce its inherent randomness: this is mostly the case 
for seismic loadings, where the temporal and frequency contents of a ground motion 
record are only imperfectly represented by a single intensity measure. 

 Integration of multi-hazard interactions and cumulated effects (succession of events, 
ageing mechanisms, fatigue, etc.) within a harmonized multi-hazard framework: 
functionality-based damage states, which account for various and potentially 
concurring failures modes within a single SSC, will be used, in order to create 
harmonized and ready-to-use fragility functions for the subsequent safety analysis of 
the NPP. 

To this end, a statistical tool of choice will be vector-based fragility functions, which have the 
ability to represent probabilities of damage as a function of multiple intensity measures. 
Moreover, the correlation between intensity measures, failure modes and engineering demand 
parameters will be appropriately treated thanks to the application of system reliability methods, 
such as the matrix-based system reliability method (Kang et al., 2010) or the implementation 
of Bayesian belief networks (BBNs) to describe the chain of damage events (Gehl & D’Ayala, 
2016). 

Therefore, the aim of this report is to present the methodological basis for the derivation of 
vector-valued fragility functions, either in the case of multiple intensity measures describing a 
given hazard loading or in the case of intensity measures related to different hazard events. 
The effects of integrating multiple intensity measures will be evaluated and discussed for 
several simple applications, before deriving proper fragility models in the later phase of Task 
2.3 (i.e., deliverable report D2.7). 

First, a literature review of current approaches for deriving fragility functions for SSCs is 
performed (Section 3), starting with the initial framework by Kennedy et al. (1980) and 
analyzing the respective merits of statistical regression methods for the derivation of fragility 
parameters. Then, Section 4 is mostly focused on the case of seismic fragility functions, where 
the benefits of using vector-based IMs (or “vector-IMs”) are discussed from the point-of-view 
of the reduction of aleatory uncertainty (i.e., record-to-record variability): numerical simulations 
on two applications are exploited in order to derive seismic vector-based fragility functions and 
to demonstrate the proposed approach. Finally, the case of multi-hazard fragility functions is 
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investigated in Section 5, where a harmonized framework is put forward in order to treat 
various cases of multi- and single-hazard interactions. 
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3 State-of-the-Art Fragility Analysis of SSCs in NPPs 

This section provides an overview of current approaches for the derivation of fragility functions 
for SSCs in the nuclear industry. The review applies mostly to the case of seismic hazard, 
which has been the object of the most comprehensive studies in the past. Fragility analyses 
with respect to other natural hazards are discussed in Section 5. 

 

3.1 Theoretical framework 

Fragility functions express the probability of reaching or exceeding a damage state DS given 
the level of seismic loading, represented by an intensity measure IM = im. Thus, they are 
written in the form of conditional probabilities. The damage state is defined by the engineering 
demand parameter (EDP) exceeding a given threshold: the EDP represent the physical 
demand that is subjected to the SSC, until its capacity is reached. Depending on the type of 
SSC and the type of damage mechanism investigated, EDPs may be represented by a wide 
range of physical variables, such as the maximum deformation during the loading, the stress 
level reached by a structural element, or the ductility ratio. 

Due to the statistical distribution of IMs and EDPs in practical applications, fragility curves are 
usually represented as a cumulative lognormal distribution (Ellingwood, 1990), as follows: 

𝑃𝑓(𝑖𝑚) = 𝑃(𝑑𝑠 ≥ 𝐷𝑆|𝐼𝑀 = 𝑖𝑚) = 𝛷 (
ln 𝑖𝑚−ln 𝛼

𝛽
) (1) 

where α represents the median and β the standard deviation, i.e. the fragility parameters. 

Kennedy et al. (1980) and Kennedy & Ravindra (1984) have proposed a formal framework for 
the treatment of uncertainties related to nuclear applications. The standard dispersion β may 
be decomposed into: 

 a term βR representing aleatory randomness (e.g., the record-to-record variability); 

 a term βU representing epistemic uncertainty (e.g. modelling or parameter uncertainties 
due to lack of knowledge). 

Therefore, they have proposed the following mathematical expression, which allows the 
definition of a family of fragility functions for various confidence levels Q: 

𝑃𝑓(𝑖𝑚) = 𝛷 (
ln 𝑖𝑚−ln 𝛼+𝛽𝑈𝛷−1(𝑄)

𝛽𝑅
) (2) 

Thus, the epistemic uncertainty on the estimation of the median α, due to lack of knowledge 
for instance, is represented by the standard deviation βU. As a result, the value Q = 0.5 yields 
the median fragility function, which may be flanked by a set of fragility functions representing 
confidence intervals (e.g., Q = 0.05 and 0.95 for the 5%-95% confidence interval). On the other 
hand, the aleatory uncertainty, represented by βR, directly acts on the general shape of the 
curve (i.e., the “slope”). 

Within this framework, it is also possible to aggregate both types of uncertainty into a 
composite fragility function with a larger dispersion: 

𝑃𝑓(𝑖𝑚) = 𝛷 (
ln 𝑖𝑚−ln 𝛼

√𝛽𝑈
2 +𝛽𝑅

2
) (3) 

Such an expression represents the mean fragility function, for which the total dispersion is 
obtained through a quadratic combination of βU and βR: 

𝛽𝐶 = √𝛽𝑈
2 + 𝛽𝑅

2 (4) 
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The graphical constructions related to these mean and median fragility functions are illustrated 
in Fig. 1. 

 

 

Fig. 1: Representation of the mean and median fragility functions, along with their 5%-95% confidence interval. 

 

Finally, this uncertainty decomposition enables the computation of the so-called HCLPF (High 
Confidence Probability of Failure) capacity, which corresponds to the intensity measure 
leading to a failure probability of 5% on the 95% confidence curve. From Equation 2, it may be 
expressed as follows: 

𝐼𝑀𝐻𝐶𝐿𝑃𝐹 = 𝛼 ∙ exp[−1.645(𝛽𝑈 + 𝛽𝑅)] (5) 

The HCLPF capacity has a practical use in the seismic margin assessment framework, where 
the capacities of all components may be assembled in order to quantify the capacity of the 
NPP. Such an approach leads to the identification of “weak links” and to the estimation of the 
plant’s capacity to withstand beyond-design earthquakes (i.e., margin with respect to the safe 
shutdown earthquake). 

 

3.2 The safety factor method 

Due to the large number of SSCs within a NPP, a simplified approach for the estimation of 
seismic fragility parameters has been developed for nuclear application (EPRI, 1994). This 
method assumes a given seismic design level IMs (i.e. the intensity measure corresponding to 
the design event). The median fragility parameter α is evaluated from the design level, through 
a safety factor F that represents the seismic margin adopted during the design stage: 

𝛼 = 𝐼𝑀𝑆 ∙ 𝐹 (6) 

In the case of structures, the safety factor F is decomposed into three categories (EPRI, 2009): 

𝐹(𝑠𝑡𝑟𝑢𝑐𝑡) = 𝐹𝑆 ∙ 𝐹𝜇 ∙ 𝐹𝑆𝑅 (7) 

where Fs is the strength factor, Fµ is the energy dissipation factor and FSR is the structural 
response factor, which is further decomposed as follows (see definition of factors in Table 1): 

𝐹𝑆𝑅 = 𝐹𝑆𝐴 ∙ 𝐹𝐺𝑀𝐼 ∙ 𝐹𝛿 ∙ 𝐹𝑀 ∙ 𝐹𝑀𝐶 ∙ 𝐹𝐸𝐶 ∙ 𝐹𝑆𝑆𝐼 (8) 
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In the case of an equipment within a structure, the safety factor F takes the following form 
(EPRI, 2009): 

𝐹(𝑒𝑞𝑢𝑖𝑝) = 𝐹𝑆 ∙ 𝐹𝜇 ∙ 𝐹𝑆𝑅 ∙ 𝐹𝐸𝑅 (9) 

where the strength factor Fs and the energy dissipation factor Fµ now refer to the behaviour of 
the equipment; FSR is the structural response factor, and FER is the equipment response factor 
(relative to the structure). 

 

Table 1: Definition of the structural response factors used in the safety factor method 

Safety Factor Definition 

FSA Spectral shape factor 

FGMI Factor related to the spatial incoherency of ground motion  

Fδ Damping factor 

FM Modelling factor 

FMC Factor related to the structural mode combination rules 

FEC Factor related to the combination of horizontal earthquake components 

FSSI Soil-structure-interaction factor 

 

These factors are evaluated through various means, such as seismic design calculations, 
engineering judgement, plant walkdown past earthquake experience, or qualification through 
testing or numerical analysis (static or dynamic). Depending on the estimation method used 
and on the type of safety factor, various levels of standard deviations βU,i and βR,i are proposed 
for each of the safety factor Fi. Thanks to the lognormal assumption, a quadratic combination 
is used to assemble the global uncertainty terms βU and βR from the list of safety factors. The 
following equation is an example of the computation of βU for a structure: 

𝛽𝑈 = √𝛽𝑈,𝑆
2 + 𝛽𝑈,𝜇

2 + 𝛽𝑈,𝑆𝐴
2 + 𝛽𝑈,𝐺𝑀𝐼

2 + 𝛽𝑈,𝛿
2 + 𝛽𝑈,𝑀

2 + 𝛽𝑈,𝑀𝐶
2 + 𝛽𝑈,𝐸𝐶

2 + 𝛽𝑈,𝑆𝑆𝐼
2  (10) 

The EPRI (2003) and EPRI (1994) guidelines contain recommendations and standard values 
for some of the safety factors and their associated uncertainty terms. 

 

3.3 Regression models from numerical simulations 

For specific types of critical SSCs, more in-depth analyses than the safety factor method are 
required. Numerical analyses of structural models of SSCs are an efficient way to generate a 
cloud of data points representing IMs and EDPs, for instance through non-linear time-history 
analyses (NLTHAs). Two main types of statistical regression are then used for the derivation 
of the fragility parameters (see Fig. 2). 
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Fig. 2: Schematic representation of the derivation of fragility curves using: (a) least-squares regression and (b) 
maximum-likelihood estimation – Taken from Gehl et al. (2015). 
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3.3.1 Regression on the IM-EDP cloud 

First, Cornell et al. (2002) have proposed to perform a least-squares regression on the IM-
EDP dataset, i.e. the so-called “regression on a cloud”. It is based on the lognormal 
assumption, where the following functional form is regressed from the data points: 

ln 𝑒𝑑�̂� = 𝑎 + 𝑏 ln 𝑖𝑚 + 𝜀 (11) 

The error term ε is also assumed to follow a normal distribution, of mean zero and standard 
deviation σ. 

Therefore, by identifying the terms of the fragility function in Equation 1, the fragility parameters 
α and β are expressed as follows: 

{
𝛼 = exp (

ln 𝐸𝐷𝑃𝑡ℎ−𝑎

𝑏
)

𝛽 =
𝜎

𝑏

 (12) 

where EDPth corresponds to the response of the SSC (e.g., deformation, drift, stress values) 
that is considered to be threshold of the studied damage state. 

Due the simplicity of this model, the least-squares regression tends to yield stable estimates, 
even with a reduced number of data points (Gehl et al., 2015). Therefore, it is possible to 
estimate fragility parameters even when very few simulation outcomes exceed the damage 
threshold. However, the extrapolation of the regression beyond the IM interval defined by the 
data points should be avoided. Moreover, as seen in Equation 12, the standard deviation β is 
independent from the damage state threshold, which means that all curves would present the 
same “slope” (in the lognormal space) if different grades of damage states were to be studied 
from the same dataset: this constraining assumption does not necessarily comply with the 
variability in the response of the studied SSC when higher loading levels are applied (i.e., 
increased dispersion. 

3.3.2 Regression using a binomial distribution 

Alternatively, another approach consists in applying a Generalized Linear Model (GLM) 
regression or a maximum likelihood estimation (MLE) to a set of binary damage variables Y: 
all points that exceed the damage state threshold take the value yi = 1, and 0 otherwise. This 
statistical approach has been introduced by Shinozuka et al. (2000). 

As a result, due to the independent sampling of successes and failures given IM, the Y 
variables follow a binomial or Bernoulli distribution. Thus, the likelihood function of the fragility 
parameters α and β, given N data points, takes the following form: 

𝐿(𝛼, 𝛽) = ∏ [𝑃𝑓(𝑖𝑚𝑖 , 𝛼, 𝛽)]
𝑦𝑖

[1 − 𝑃𝑓(𝑖𝑚𝑖 , 𝛼, 𝛽)]
1−𝑦𝑖𝑁

𝑖=1  (13) 

Then, a maximization of L through a search algorithm leads to the best estimates of the fragility 
parameters α and β. 

In the GLM framework, a linear combination of the input (i.e. ln im) is estimated from the 
distribution of the Y variables: 

𝑓[𝑃𝑓(𝑖𝑚)] = 𝑐1 + 𝑐2 ln 𝑖𝑚 (14) 

If the link function f = Φ-1 (i.e. probit model), the fragility function can be written as: 

𝑃𝑓(𝑖𝑚) = 𝛷(𝑐1 + 𝑐2 ln 𝑖𝑚) (15) 

Then, by identification with Equation 1, the fragility parameters are expressed as follows: 
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{
𝛼 = exp (−

𝑐1

𝑐2
)

𝛽 =
1

𝑐2

 (16) 

The MLE approach provides the same numerical outcomes as the GLM regression when the 
probit (i.e., inverse of normal cumulative distribution) is used as the link function f. Other link 
functions have been proposed, such as the logistic or Poisson model; however, the probit 
model presents the benefit of generating a lognormal cumulative distribution function, which 
stays within the original fragility framework. 

The use of a binomial distribution does not require exact values of EDP, as long as the 
simulation outcomes that exceed the damage threshold are identified. Therefore, this 
approach may be more suited in case the studied SSC is experiencing strong non-linear 
behaviour (e.g., near the collapse state), which cannot be accurately modelled by the 
simulation tools. For a given damage state threshold, a clear separation between intact and 
damaged states is made, which leads to the estimation of a damage-state-specific standard 
deviation β. Moreover, this approach does not rely on a linear relation between the logarithms 
of IM and EDP, which is often not justified when plotting the data points. However, a stable 
estimation of the fragility parameters requires a larger amount of data points and, especially, 
an appropriate balance between SSC responses that are below and over the damage state 
threshold. 

A comparison between the least-squares regression and the maximum likelihood estimation 
has been performed by Zentner et al. (2017), using the outcomes of NLTHA on the numerical 
model of a shear wall building (i.e., SMART2013 benchmark): the authors point out the stability 
issue in the estimation of the fragility parameters, when data points are not well balanced 
around the damage state threshold. However, they conclude that the MLE method offers more 
possibilities to consider various types of IM, since this approach is not constrained by the 
expression of a log-linear relation between IM and EDP. Another comparison between the 
least-squares regression and the GLM regression has been conducted by Rossetto et al. 
(2016), through a static capacity spectrum analysis of RC buildings: a noteworthy conclusion 
is the ability of the GLM regression to account for the heteroscedastic nature of the structural 
response (i.e., increasing dispersion from light to severe damage state), when considering 
more than one damage states. 

Finally, a few observations regarding the two main regression methods are worth mentioning: 

 Both methods assume a lognormal cumulative distribution for the fragility functions: 
this hypothesis is convenient since it ensures compatibly with current hazard and risk 
models; however other functional forms would deserve to be explored (Sudret et al., 
2017), especially around the tails of the distribution. When applying the MLE approach 
or the GLM regression, it is however possible to assume other functional forms, if 
needed (e.g., (e.g., the extreme value distribution). Classical information criteria such 
as BIC allow for choosing the best among the available models (Zentner et al., 2017). 

 While using numerical simulations to derive fragility functions, it remains possible to 
distinguish between aleatory and epistemic uncertainty terms, thus ensuring the 
compatibility with the aforementioned theoretical framework. For instance, in the case 
of seismic hazard, the record-to-record variability may represent the aleatory 
randomness; and a confidence interval around the fragility function can be estimated 
by considering the variability of modelling parameters or the dispersion in the statistical 
estimates (i.e., epistemic uncertainty). For instance, this decomposition has been 
demonstrated by Zentner (2010), who has applied the MLE approach to the seismic 
fragility analysis of a reactor coolant system. 
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3.4 Other methods 

Other fragility derivation methods may be used, such as the Incremental Dynamic Analysis or 
the Bayesian updating framework, which are summarised below. 

 

3.4.1 Incremental Dynamic Analysis 

The Incremental Dynamic Analysis (IDA) is based on numerical simulations where a set of 
accelerograms is scaled to have same intensity level (Vamvatsikos & Cornell, 2002). Given a 
set of accelerograms, N nonlinear time history analyses are performed for each intensity level. 
The set of N accelerograms is scaled to increasing intensity levels, until failure is reached. 
Uncertainties of the structure are considered by using one set of N uncertain parameters, to 
be used for all intensity levels. Using this method, each accelerogram has a single capacity 
value associated with onset of collapse.  

The distribution of capacity and thus the fragility can be derived from this sample. One can for 
example, estimate the median and the standard deviation of the lognormal distribution. The 
sample of structural capacities can also be used to estimate an empirical probability function 
by kernel density smoothing. The fragility curve is then obtained by integration as the 
cumulative density function. 

Sometimes, the probability of collapse at a given intensity level is evaluated as the fraction of 
records for which collapse occurs at a level lower than the threshold. This is however not 
recommended from a statistical point of view since the sample size used with IDA (at most two 
dozens) is not sufficient to estimate failure probabilities. 

The maximum likelihood estimator is not applicable to IDA since the results at different 
increments are not independent (i.e., same scaled accelerograms, same set of sampled 
random parameters). Vamvatsikos & Cornell (2002) propose to use 10-20 time histories when 
performing IDA, and in ATC-58 (2012) a number of 20 time histories is recommended. Clearly, 
this number strongly depends on the output that has to be computed. If only the median 
capacity is requested, then a few time histories are sufficient to obtain good estimates of that 
quantity. The estimation of dispersion (in terms of standard deviation) requires a greater 
sample size. For comparison, EPRI recommends to use 30 time histories and transient 
analysis for the evaluation of probabilistic floor spectra (median and log std). Interestingly, 
ATC-58 (2012) recommends the use of IDA only for the evaluation of the median capacity 
while tabulated values should be used for the β-parameter of the lognormal fragility curve. This 
is motivated by the small number of time analyses and by the fact that epistemic uncertainty 
is generally not fully accounted for in the numerical analysis. Eventually, Vamvatsikos & 
Cornell (2002) recommend to perform 10 analysis per record, which is a compromise between 
computational cost and accuracy. 

 

3.4.2 Bayesian updating 

The Bayesian updating framework allows for combining the results of numerical simulations 
and damage data to construct fragility curves (Wang et al., 2018). Expert judgement or the 
results of numerical simulations provide a prior estimation of the seismic capacity of the 
equipment. The estimation of the uncertainty related to the equipment capacity can be taken 
from the literature. Damage data, collected from the in-situ observation and the database of 
the seismic qualification utility group (SQUG), are then used to construct the likelihood function 
for the Bayesian updating. 

The damage data has been collected for equipment located at different floor levels. The 
location of the equipment has an impact on the load and thus the possible failure. This is why 
a transformation method has to be applied to transform the load in the SQUG database to the 
load experienced by the studied equipment. 
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Given a lognormal fragility model, the likelihood function reads: 

𝐿(𝐴𝑚|𝑖𝑚, 𝜒) = ∏ [𝑃𝑓(𝛼𝑖)]
𝑦𝑖

[1 − 𝑃𝑓(𝛼𝑖)]
1−𝑦𝑖𝑁

𝑖=1        (17) 

The observed data is the sample of (imi, yi), i = 1,...N, pairs, where y has the same meaning 

as in Equation 13. Failure and survival occur with probability 𝑃𝑓(𝛼𝑖) and (1 − 𝑃𝑓(𝛼𝑖)), 

respectively. The updated fragility parameters are determined from the respective posterior 
distributions:  

𝑓𝑝𝑜𝑠𝑡(𝐴𝑚) =∝ 𝐿(𝐴𝑚|, 𝑖𝑚, 𝜒)𝑓(𝐴𝑚)        (18) 

In the framework of the double lognormal fragility model used in nuclear engineering, 𝑓(𝐴𝑚) is 
a lognormal distribution with median equal to the median capacity of the structure and log 
standard-deviation 𝛽𝑈 expressing the epistemic uncertainty related to the evaluation of the 

latter. If the posterior distribution of 𝐴𝑚 is close to lognormal, then the updated median capacity 
and log standard-deviation can be directly plugged into the double lognormal fragility model of 
Equation 2. Otherwise the family of fragility curves has to be evaluated numerically. 

Another approach consists in updating both the median capacity and the parameters 

characterizing the random uncertainty 𝛽𝑅: 

𝑓𝑝𝑜𝑠𝑡(𝐴𝑚, 𝛽𝑅) =∝ 𝐿(𝐴𝑚, 𝛽𝑅|, 𝑖𝑚, 𝜒)𝑓(𝐴𝑚)𝑓(𝛽𝑅)      (19) 

This allows for a “further degree of freedom” in the updating procedure. 

 

3.5 Summary of statistical methods 

Following the above descriptions, a short analysis of the main features and limits of the 
statistical methods for the derivation of fragility functions is presented in Table 2. 

 

Table 2: Comparative analysis of the characteristics of various statistical methods for the derivation 
of fragility functions 

Approach Main feature Added value Main Limits Example of 
application 

Least squares 
Regression 

Regression of a log-
linear IM-EDP 
relationship. 

- Simple and 
intuitive approach; 

- Stable fragility 
estimates may be 
obtained with a few 
data points; 

- Constrained by 
the functional form 
of the IM-EDP 
relationship; 

- Constant 
standard-deviation 
over the IM range 

- seismic fragility 
of an RC 
structure (Seyedi 
et al., 2010); 

MLE-based 
regression / GLM 
regression 

Maximisation of the 
likelihood function, built 
from damage and no-
damage events. 

- Applicable to 
empirical fragility 
assessment (if only 
damage data are 
available); 

- Ability to treat 
complete 
damage/collapse 
cases (where EDP 
values are usually 
inaccurate); 

- Compatible with 
multivariate 
regression; 

- Loss of 
information (i.e., 
the true values of 
the EDP are not 
used); 

- More data points 
are required to 
achieve stable 
fragility estimates; 

- seismic fragility 
of a masonry 
structure (Gehl et 
al., 2013); 

- empirical 
tsunami fragility 
of buildings (De 
Risi et al., 2017); 
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Incremental 
Dynamic Analysis 

Successive scaling of 
the ground-motion 
records. 

- Accurate 
estimation of the 
fragility parameters 
(i.e., extraction of 
robust statistical 
distributions); 

- Designed for 
seismic analysis 
only; 

- Loss of the 
seismic hazard 
consistency when 
large scaling 
factors are used; 

- seismic fragility 
of an NPP RC 
building (Zentner 
et al., 2017);  

Bayesian 
updating 

Updating of the prior 
distribution of fragility 
parameters thanks to 
observations. 

- Compatible with 
expert-judgment 
approaches or 
experimental 
results; 

- Influence of the 
prior distribution on 
the final fragility 
estimates; 

- seismic fragility 
of switchgear 
cabinets (Wang 
et al., 2018) 

 

3.6 Discussion on uncertainties 

In general, there are two major types of uncertainties: aleatory (i.e. the inherent variability of 
the measurable physical quantities, such as design parameters or mechanical properties) and 
epistemic ones (coming from lack of complete knowledge about the modelled phenomena, 
incomplete data or modelling assumptions). While the first type is irreducible, the second one 
(including finite sample uncertainty, in-situ uncertainty and loading protocol uncertainty) may 
be reduced over time by some additional measures and testing. Currently, fragility functions 
are developed mainly using experimental, numerical and observational data, and thus are 
generally expected to represent the aleatory uncertainties in the process being modelled. 
However, the epistemic uncertainties should be also addressed in fragility functions developed 
for use in seismic performance assessment. The sources of epistemic uncertainties in fragility 
functions, their consideration, combination, and propagation has been presented and 
thoroughly discussed in several publications (e.g. Bradley, 2010; Bradley, 2013; Roueche et 
al., 2018). This subsection synthesizes the information contained in these and other relevant 
papers. 

By definition, fragility functions provide the probability of incurring, or exceeding, a specific 
discrete damage state as a function of some EDP. Thus, the uncertainties in the determination 
of the distribution parameters of the fragility functions lead to the uncertainty in the damage 
states’ probabilities. In order to assess the latter, it is useful to describe the probability of being 
in a specific damage state (𝐷𝑆 = 𝑑𝑠𝑖) for a given level of the ground motion intensity measure 

(𝐼𝑀 = 𝑖𝑚) by the following formula: 

𝑃(𝑑𝑠𝑖|𝑖𝑚) = ∫ 𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝)𝑓(𝑒𝑑𝑝|𝑖𝑚)d𝑒𝑑𝑝 ≅
𝐸𝐷𝑃

∑ 𝑤𝑗
𝑗

𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝𝑗)𝑓(𝑒𝑑𝑝𝑗|𝑖𝑚)  (20) 

where 𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝) is the probability of being in 𝐷𝑆 = 𝑑𝑠𝑖 given 𝐸𝐷𝑃 = 𝑒𝑑𝑝; 𝑓(𝑒𝑑𝑝|𝑖𝑚) is the 

probability density function for the seismic response of 𝐸𝐷𝑃 = 𝑒𝑑𝑝, conditioned on 𝐼𝑀 = 𝑖𝑚; 
and 𝑤𝑗 is the numerical integration weight (Kythe & Schaferhotter, 2000). 

Assuming both 𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝) and 𝑓(𝑒𝑑𝑝|𝑖𝑚) as uncertain variables, one can determine the 

uncertainty in 𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝) either by simulations or analytical methods. For example, the 
expectation and variance of the discrete form derived above can be described as follows: 

𝐸[𝑃(𝑑𝑠𝑖|𝑖𝑚)] ≅ ∑ 𝑤𝑗
𝑗

𝜇𝑋𝑓
𝜇𝑌𝑗

         (21) 

𝑉𝑎𝑟[𝑃(𝑑𝑠𝑖|𝑖𝑚)] ≅ ∑ ∑ {𝑤𝑗𝑤𝑘(𝜎𝑋𝑗𝑋𝑘
𝜎𝑌𝑗𝑌𝑘

  + 𝜇𝑋𝑓
𝜇𝑋𝑘

𝜎𝑌𝑗𝑌𝑘
  + 𝜇𝑌𝑓

𝜇𝑌𝑘
𝜎𝑋𝑗𝑋𝑘

)}𝑘𝑗    (22) 

where 𝑋𝑗 = 𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝𝑗); 𝑌𝑗 = 𝑓(𝑒𝑑𝑝𝑗|𝑖𝑚); 𝜇𝑋𝑗
 is the expectation of 𝑋𝑗; 𝜎𝑋𝑗𝑋𝑘

 is the covariance 

of 𝑋𝑗 and 𝑋𝑘. The uncertainty in 𝑓(𝑒𝑑𝑝𝑗|𝑖𝑚) have been investigated by Dolsek (2009). The 

expectation and variance of 𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝𝑗) for a given 𝐸𝐷𝑃 = 𝑒𝑑𝑝 can be described as follows: 
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𝐸[𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝)] = 𝐸[𝐹𝑖] − 𝐸[𝐹𝑖+1]        (23) 

𝑉𝑎𝑟[𝑃(𝑑𝑠𝑖|𝑒𝑑𝑝)] = 𝑉𝑎𝑟[𝐹𝑖] + 𝑉𝑎𝑟[𝐹𝑖+1] − 2𝐶𝑜𝑣[𝐹𝑖, 𝐹𝑖+1]     (24) 

where the fragility function 𝐹𝑖 = 𝐹(𝑑𝑠𝑖|𝑒𝑑𝑝). Thus, determination of the epistemic uncertainty 
in damage states requires both knowledge of the mean and variance in the damage state 
fragility curves, as well as the covariance between the different damage state fragility curves. 

The primary cause of epistemic uncertainties in fragility functions is that of limited high quality 
data. Firstly, this means that the parameters defining the fragility function (i.e., the median and 
dispersion) are determined based on a finite sample of data representing the population and 
are estimated based on statistics. This uncertainty is commonly referred to as finite sample 
uncertainty and it is related to the number of independent data points used to determine the 
fragility functions. In order to characterize the uncertainty in the distribution parameters based 
on finite sample uncertainty either the analytical (e.g. Ang & Tang, 2017) or sampling methods 
can be applied with the most versatile being bootstrap sampling (Wasserman, 2004). Bootstrap 
sampling involves sampling with replacement from the finite dataset. For each bootstrap 
sample the desired statistics (mean and variance) are computed. This process is then repeated 
N times, giving N different values of the sample mean and sample variance from which other 
statistics can be obtained. In the limit as the number of bootstrap samples tends to infinity, the 
results tend toward those obtained analytically. 

Secondly, one aspect of data quality refers to how well the conditions under which the data 
were obtained simulate the conditions in which the component exists in the reality. This 
uncertainty is usually referred to as in-situ uncertainty and can be caused, among others, by: 

 testing a component isolated from its in-situ conditions, 

 imperfect simulation of boundary conditions for the in-situ, 

 extrapolation to in-situ conditions not fully simulated in the test, 

 variability in the in-situ configuration. 

Another aspect of data quality is the method in which the seismic demand is imposed on the 
specimen. Naturally, the employment of a loading history cannot precisely replicate the loading 
experienced by components in a real building responding to earthquake shaking. This type of 
uncertainty is referred to as loading protocol uncertainty. In assessing loading protocol 
uncertainty it is beneficial to distinguish between the three common forms of seismic testing: 
dynamic shake table; quasi-static; and pseudo-dynamic: 

 the shake table apparatus can impose severe limitations due to the scale effect since 
the specimens are tested at reduced size (Abrams, 1996; Leon & Deierlein, 1996); 

 the quasi-static testing means that larger specimens are tested and no consideration 
is given to the strain rate effects (Abrams, 1996); 

 pseudo-dynamic testing performed on full scale sub-assemblages in real time offers 
significant reductions in bias and uncertainty in regard to the scale and strain rate 
effects but there are also various typical assumptions such as constant axial loads, 
constant shear-to-moment ratios and boundary conditions (Leon & Deierlein, 1996). 

Data obtained from the post-earthquake reconnaissance explicitly considers many of the 
deficiencies of current laboratory experimental methods identified above. However, the 
empirical fragility functions are usually developed from damage observations and hazard 
intensity measurements or estimates for multiple damage sites. The damage observations are 
typically obtained through field or remote investigations, whereas the intensity measures are 
often estimated from numerical models conditioned to the specific hazard events. Thus, the 
degree of uncertainty in empirical fragility functions can vary significantly from one post-hazard 
damage assessment to another, depending upon the attention to detail in the preparation and 
conducting of the assessment, the quality and quantity of the data available, and the choice of 
methods in obtaining the fragility functions from the empirical damage data (Roueche et al., 
2018). Moreover, development of empirical fragility functions relies upon the appropriate 
selection of numerical models of the IM distribution throughout the affected region. For 
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earthquakes, the IM distribution is often estimated using various ground motion prediction 
equations (GMPEs), which predict the IM based upon explanatory parameters such as the 
earthquake source and distance from it, wave propagation path, and local site conditions 
(Stewart et al., 2015). It should be noted here that, until 2018, as much as 450 different GMPEs 
for peak ground acceleration have been developed (Douglas, 2018). In all of these models, 
uncertainty is present in the model parameters, which are often based upon judgment and 
general observations rather than direct measurements. Thus, for a given hazard event, there 
often exists an ensemble of IM distributions that are plausible, which contributes to the 
uncertainty in empirical fragility functions. 

Another source of uncertainty in empirical fragility functions is the dependency between the 
data collected that, among others, may come from the following reasons: 

 similarity in the ground motion experienced by two different components; 

 observations of the same component during multiple earthquakes; 

 similarity in in-situ conditions of components (i.e., installed by the same contractor). 

There are several methods that can be employed to account for such dependencies in the 
observed data that have been described in (Straub & Der Kiureghian, 2008). 

Moreover, if experimental or observational data are used to develop fragility functions, then 
correlations within the different parameters of the fragility functions could occur due to 
similarities in the loading protocol, as well as uncertainties in the material properties and 
geometry of the components. Determination of the correlation of epistemic uncertainties can 
be either accomplished using simulation, expert judgement, or both. 

In conclusion, the discussion about the uncertainties associated with the performance-based 
earthquake engineering framework should always cover both aspects, i.e. the site-specific 
input ground-motion history data and the system-specific models of the expected seismic 
response. The analytical framework of the ground-motions analysis accounts for the fact that:  

(i) seismic hazard is posed by numerous seismic sources; 
(ii) there is uncertainty in the likelihood of a specific source rupture in a given time interval; 
(iii) there is uncertainty in the ground-motion characteristics at a site from a specific source 

rupture. 

Naturally, there is also uncertainty in the seismic capacity/resistance of the system considered, 
as represented by the seismic response analysis model employed. This uncertainty results 
from the inability of an idealized numerical seismic response model to predict the actual 
response of an engineered system to ground motions. It is useful to divide them for the 
following categories: 

(i) uncertainties in the measurement of physical quantities; 
(ii) uncertainty in the correlation between measurable physical quantities and constitutive 

model parameters; 
(iii) uncertainty in selecting an appropriate constitutive model; 
(iv) uncertainty in the overall idealized model methodology due to the fact that the 

numerical model domain always represents a gross simplification of reality (e.g. one-
dimensional/two-dimensional analyses, neglect of the interaction of specific 
components, assumed boundary conditions and formulation of damping). 

There were some previous studies, which have concluded that ground-motion uncertainty is 
generally significantly larger than numerical seismic response modelling uncertainty and thus 
the last one may be neglected. However, such theses were based on the typically biased 
results, because the ground-motion uncertainty was often overestimated while the numerical 
modelling uncertainty was generally significantly underestimated when the higher-level 
modelling uncertainties were neglected (Bradley, 2013). It shows that the appropriate 
understanding of uncertainties associated with this type of analyses is especially important 
due to the fact, that the results are not only to provide another quantitative outcome, but to 
support the decision-making process under uncertain conditions. 
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4 Case of Seismic Hazard: Vector-Valued IMs for Uncertainty 
Reduction 

This section is devoted to the case of seismic fragility analysis, where methods using vector-
valued IMs are demonstrated, with the objective of reducing the associated uncertainty (i.e., 
record-to-record variability). 

 

4.1 Criteria for the selection of scalar IMs 

One of the main issues of current fragility functions pertains to the representation of a complex 
ground-motion time history by a scalar IM: such an assumption potentially ignores essential 
measures related to the severity of the external loading, such as the frequency or energy 
content, the duration of the strong motion, the number of loading cycles, etc. 

As a result, with the same IM level (e.g. PGA), different ground motions records have to ability 
to induce different levels of structural response (i.e., the so-called record-to-record variability). 
The selection of an appropriate scalar IM as an input to a fragility function should therefore 
help conveying the most information possible from the ground-motion time histories that are 
used in the numerical simulations. For instance, Luco & Cornell (2007) have started to propose 
some criteria for an adequate IM selection:  

 The efficiency of an IM represents the ability of an IM to induce a low dispersion in the 
distribution of the structural response (i.e., fragility curve with a steep “slope”). The 
efficiency is measured by evaluating the standard deviation σ of the error term ε in the 
log-linear relation between IM and EDP (i.e., Equation 11): the lower the standard 
deviation, the more efficient the IM. 

 The sufficiency of an IM represents the ability of an IM to “carry” the characteristics of 
the earthquake that has generated the ground motion: a sufficient IM should render the 
distribution of EDP conditionally independent, given the IM, from the magnitude and 
the distance of the related earthquake events. Using Equation 11 again, the sufficiency 
of an IM can be checked qualitatively by plotting the residuals of the regression with 
respect to the magnitude or the distance. In other words, an IM is assumed to be 
sufficient is the following equality is verified (Luco & Cornell, 2007): 

𝑃(𝐸𝐷𝑃|�̈�𝑔) = 𝑃 (𝐸𝐷𝑃|𝐼𝑀(�̈�𝑔)) (25) 

where the term xg represents the whole range of acceleration time-histories that can occur at 
the considered site. This definition refers, of course, to an ideal case. Therefore Jayaler et al. 
(2011) introduce the concept of relative sufficiency, which measures the additional quantity of 
information provided by an IM2 with respect to a reference IM1: 

𝐼(𝐸𝐷𝑃|𝐼𝑀2|𝐼𝑀1) = ∫ 𝑙𝑜𝑔2

𝑃(𝐸𝐷𝑃|𝐼𝑀2(�̈�𝑔))

𝑃(𝐸𝐷𝑃|𝐼𝑀1(�̈�𝑔))

∙ 𝑝(�̈�𝑔) ∙ d�̈�𝑔 (26) 

If IM2 is more sufficient than IM1, then the relative sufficiency index I will be positive, and vice 
versa. The use of the base 2 logarithm enables an interpretation of the results in terms of bits 
of information. Finally, the integration over all possible ground motions at the site requires 
accurate knowledge of the hazard level and of the relative contributions of each seismic zone 
at the given site. 

Moreover, Padgett et al. (2008) have proposed additional metrics in order to assess an IM, 
such as: 
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 Practicality: this metric reflects the strength of the link between IM and EDP. A practical 
IM will generate a large slope (i.e., coefficient b in Equation 11) in the log-linear relation 
between IM and EDP. 

 Proficiency: this metric combines practicality and efficiency, since it is evaluated as the 
ratio b/σ in Equation 11. A high ratio (i.e., high practicality, high efficiency) means a 
proficient IM. 

 Computability (or Hazard compatibility – cf. Hariri-Ardebili & Saouma, 2016): this 
essential criterion checks whether the selected IM may be computed accurately with 
current GMPEs, in order to ensure the link between the fragility function and the 
probabilistic seismic hazard curve. 

Computability is a qualitative concept; however, the following grades may be proposed: 

1. IM associated with many well-constrained GMPEs thereby providing an estimate of the 
epistemic uncertainty; 

2. IM associated with few well-constrained GMPEs and it is hence difficult to judge the 
epistemic uncertainty; 

3. IM associated with no reliable GMPEs. 

This classification is used to assign the considered IMs to one of the three categories (see 
Table 3), based on the existing GMPEs in the literature (Douglas, 2012 ; Douglas, 2018). 

 

Table 3: Qualitative assessment of the computability of some IMs. Appendix A summarizes the definition of the 
ground-motion parameters that are considered as potential IMs. 

Computability grade IM 

1 PGA, PGV, AI, SA(T), RSD75, RSD95 

2 PGD, ASI, SI, NED, JMA, CAV, NCy 

3 ARMS, A95, SL75, SL95, SMA, SMV, DCy 

 

Finally, most of the aforementioned metrics are specific to the SSC considered (i.e., strong link 
with the vibration mode of the component) and to the studied site (i.e., location and 
characteristics of the seismic sources generating the ground-motion time histories). The 
derivation of fragility functions should therefore be associated with an ad hoc study of the most 
relevant IMs, for a given case study. 

 

4.2 Introduction of vector-valued IMs 

Experience has shown that finding a scalar IM that fulfils all the aforementioned criteria is 
usually not feasible. For instance, the sufficiency criterion is especially difficult to be fully 
satisfied by a single IM, which is why the relative sufficiency measure has been introduced 
(Jalayer et al., 2011). 

Therefore, Baker & Cornell (2005) have introduced an additional IM, epsilon ε (i.e., the 
deviation between the spectral acceleration of a record and the mean of a ground motion 
prediction equation at a given period), which is used as a proxy for the spectral shape of the 
time history, in order to reduce the dispersion in the prediction of the mean annual collapse 
rate. 

Seyedi et al. (2010) have applied the concept of seismic fragility surfaces (e.g., use of two IMs 
as predictors) to an eight-story regular frame RC structure. Using the outcomes of NLTHAs, 
the spectral displacements at the periods of the first two vibration modes have been selected 
as IMs, based on the strength of the correlation between IMs and EDPs. As a result, fragility 
surfaces have been derived by estimating the fragility parameters for ‘slices’ of the space 
described by the two IMs (i.e. fitting of a fragility function over a primary IM while keeping the 
secondary IM constant within a given interval, or ‘slice’). 
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A similar framework has been exploited by Gehl et al. (2013), who have derived fragility 
surfaces for a two-story unreinforced masonry building. A Receiver Operating Characteristics 
(ROC) analysis has been performed in order to test the adequacy of dozens of scalar IMs and 
vector-valued IMs. Thus, the area under the ROC curve provides a quantitative metric for the 
objective selection of the IMs. Two cases have been considered, i.e. when the two IMs are 
almost orthogonal (i.e., IM1 = PGV and IM2 = PGA/PGV) and when they are strongly correlated 
(IM1 = SA at 0.15s and IM2 = SA at 0.5s): the correlated case implies a rigorous investigation 
of the IM1-IM2 space that is actually explored by the ground-motion records used in the 
NLTHAs, in order to avoid any double-counting of the record-to-record variability. 

Modica & Stafford (2014) have also searched for the most efficient vector-valued IMs, with 
respect to a series of European low- and mid-rise reinforced concrete frames. They have found 
that the most efficient vector corresponds to a combination of SA and a spectral shape 
parameter (i.e., Np – Bojorquez & Iervolino, 2011), when used to predict maximum inter-storey 
drifts. Since their fragility derivation procedure is based on least-square regressions, Modica 
& Stafford (2014) have also investigated the effect of introducing heteroskedasticity in the 
statistical distribution of EDP given IM: this feature potentially has a significant impact on the 
final shape of the fragility functions, especially at lower IM values (i.e. left tail of the cumulative 
distribution). 

Seismic fragility surfaces have also been applied to other types of structures, such as RC 
bridges (Li et al., 2014): in that study, the authors select SA at the periods of the first two 
vibration modes as a vector-valued IM, in order to derive fragility functions for each of the 
bridge’s components. Following the definition of damage states for the bridge system, the 
component fragility functions are assembled while considering the correlation matrix between 
component-specific damage events. With the vector-valued IM comprising SA are two different 
periods, Li et al. (2014) have also accounted for the correlation between the two ground-motion 
parameters: as a result, the fragility surface for the bridge system is only represented for the 
IM combinations that are actually realistic, given the seismic hazard characteristics of the 
studied site. 

Within the specific context of the fragility analysis of structures and components in NPPs, Cai 
et al. (2018a,b) have introduced a simplified approach for the derivation of fragility surfaces. It 
is not based on time-consuming NLTHAs, since it relies on ground response spectra where 
different spectral values are sampled in order to model the seismic demand. The fragility 
parameters are then estimated with the safety factor method, with respect to two IMs. Finally, 
a weighting scheme is applied in order to combine the respective contribution of the multiple 
ground-motion parameters, in accordance with the distribution of the related seismic hazard. 

Recently, Sainct et al. (submitted) have proposed a methodology based on Support Vector 
Machines (SVMs) coupled with an Active Learning algorithm to derive a proficient IM from a 
reduced number of numerical calculations. In practice, input excitation is reduced to some 
relevant IMs and then SVMs are used for a binary classification of the structural responses 
relative to a limit threshold of exceedance. Since the output is not binary but a real-valued 
score, a probabilistic interpretation of the output is exploited to estimate very efficiently fragility 
curves as score functions. Thus, with appropriate kernels, the score function can be viewed 
as an efficient IM since a perfect classifier would lead to a fragility curve in the form of a unit 
step function when the problem is linearly separable. In addition, the score function is find to 
be highly correlated with the EDP (in the logarithmic scale), so it can be considered as a 
practical IM. This methodology also allows to derive easily fragility curves as functions of 
classical IMs (e.g PGA). 

 

4.3 Application: Fragility analysis of a PWR main steam line 

This section demonstrates the derivation of vector-valued fragility functions, or fragility 
functions, through NLTHAs of a PWR steam line. Procedures for the selection of input ground-
motions records, the selection of IMs and the derivation of the fragility functions are detailed. 
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4.3.1 Description of the studied model 

For demonstration purposes, the coupled model of a supporting structure and a secondary 
system (Rahni et al., 2017) is considered here, corresponding to the main steam line of a PWR. 
The model is built and computed with the CAST3M finite-element software. Structural 
elements, representing the containment building, are modelled with multi-degree-of-freedom 
stick formulations. The containment building has a double-wall structure, with an inner 
reinforced prestressed concrete wall and an outer reinforced concrete wall. The inner wall is 
modelled by means of four sticks with Timoshenko beam elements. The outer wall and internal 
structures are represented with simply sticks located at the structure’s centre of gravity (see 
Fig. 3). 

 

 

Fig. 3: Stick modelling of the outer wall (left), the inner wall (middle) and the internal structures right) – Taken from 
Rahni et al. (2017). 

 

The steam line is modelled by means of right pipe, elbow and beam elements, taking in 
consideration the steel steam line, and several valves, supporting devices and stops at 
different elevations of the supporting structure (see Fig. 4). The stick models, which have the 
benefit of enabling fast computations, have been calibrated from detailed finite-element 3D 
models of the containment building (Rahni et al., 2017). 

 

 

Fig. 4: Steam line beam model and containment penetration model – Taken from Rahni et al. (2017). 
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Rahni et al. (2017) have proposed several mechanical failure criteria for the verification of the 
steam pipe line integrity: 

 the equivalent stress at any point of the pipe line (conservative assumption); 

 the total plastic deformation at the pipe location corresponding to the containment 
penetration, accounting for the non-linear behaviour of the steel material; 

 the effort calculated at the beam model’s node corresponding to the vertical stop. 

For simplicity purposes, the latter failure criterion is considered here for the fragility analysis 
(i.e., the exceedance of a given effort value at the point of the steam line corresponding to the 
vertical stop). Rahni et al. (2017) have also identified this failure mode as the most likely to 
occur, given the applied seismic loadings. 

As a preliminary to the non-linear time-history analyses, a modal analysis of the supporting 
structure is carried out, in order to identify the main vibration modes (see Table 4). 

 

Table 4: Modal analysis of the model of the containment building. 

Mode # Period [s] 3D Mass participation factor [%] 

1 0.38 61 

2 0.38 65 

3 0.15 35 

4 0.14 97 

5 0.14 31 

6 0.10 2 

7 0.09 3 

8 0.06 2 

 

Modes #1 and #2 correspond to the excitation of the structure in the Y- and X-direction, 
respectively: due the almost symmetrical properties of the building, they are almost identical. 
Therefore, the fundamental period of the structure is taken as T1 = 0.38s, while the second 
one is taken as T2 = 0.15s (i.e., cluster of modes #3, #4 and #5). 

 

4.3.2 Seismic input for non-linear time-history analyses 

As revealed in previous studies, considering multiple ground-motion parameters as vector-
valued IMs requires maintaining the consistency of the seismic hazard. Therefore, it is 
proposed here to apply the conditional spectrum method (Lin et al., 2013) for the selection of 
the input ground motions. This approach has the benefit of enabling a light scaling of a set of 
natural records, while saving the consistency of the associated response spectra. Therefore, 
it is especially suited for the use of spectral values, such as SA at various periods. 

The ground-motion selection using conditional spectrum implies the evaluation of the seismic 
hazard at a given site, along with the identification of reference earthquakes at various return 
periods: as a result, this approach leads to site-specific fragility functions, which are well suited 
to the context of NPPs. 

The adopted ground-motion selection procedure hinges upon the following steps: 

1. Selection of the studied site: for illustration purposes, the site for the steam line 
application is chosen arbitrarily in Southern Europe, within a seismically active area. 

2. Choice of a conditioning period: SA at T1 = 0.38s (fundamental mode of the 
structure) is selected as the ground-motion parameter upon which the records are 
conditioned and scaled. 
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3. Definition of seismic hazard levels: six hazard levels are arbitrarily defined, and the 
associated annual probabilities of exceedance are quantified with the OpenQuake 
engine (www.globalquakemodel.org), using the SHARE seismic source catalogue 
(Woessner et al., 2013). The GMPE from Boore et al. (2014) is used to generate the 
ground motions, assuming soil conditions corresponding to Vs,30 = 800 m/s at  the 
considered site. Data associated with the mean hazard curve are summarized in Table 
5. 

 

Table 5: Estimation of the seismic hazard distribution for the studied site. 

Scaling level SA(0.38s) [g] Annual Probability of Exceedance 

#1 0.185 4.87E-2 

#2 0.617 4.99E-3 

#3 0.836 2.50E-3 

#4 1.492 5.00E-4 

#5 2.673 5.00E-5 

#6 3.882 5.00E-6 

 

4. Disaggregation of the seismic sources and identification of the reference 
earthquakes: for the studied site, the OpenQuake engine is used to perform a hazard 
disaggregation for each scaling level. A reference earthquake scenario may then be 
characterized through the variables [Mw; Rjb; ε] (magnitude, Joyner-Boore distance, 
epsilon of the ground-motion prediction equation), which are averaged from the 
disaggregation results (Bazzurro & Cornell, 1999). This disaggregation leads to the 
definition of a mean reference earthquake (MRE) for each scaling level (see Table 6). 

 

Table 6: Characteristics of the mean reference earthquake (MRE) for each scaling level. 

Scaling level 
MRE characteristics 

Mw Rjb [km] ε 

#1 6.22 19.3 1.05 

#2 6.55 7.8 1.25 

#3 6.65 6.5 1.41 

#4 6.80 5.3 1.86 

#5 6.96 5.0 2.44 

#6 7.57 5.0 2.75 

 

5. Construction of the conditional spectra: for each scaling level, the conditional mean 
spectrum is built by applying the GMPE to the identified MRE. For each period Ti, it is 
defined as follows (Lin et al., 2013): 

𝜇𝑙𝑛 𝑆𝐴(𝑇𝑖)| 𝑙𝑛 𝑆𝐴(𝑇∗) = 𝜇𝑙𝑛 𝑆𝐴(𝑀𝑤, 𝑅𝑗𝑏 , 𝑇𝑖) + 𝜌𝑇𝑖,𝑇∗ ∙ 𝜀(𝑇∗) ∙ 𝜎𝑙𝑛 𝑆𝐴(𝑀𝑤, 𝑇𝑖) (27) 

where µlnSA(Mw,Rjb,Ti) is the mean output of the GMPE for the MRE considered, ρTi,T* is 
the correlation coefficient between SA(Ti) and SA(T*) (Baker & Jayaram, 2008), ε(T*) 
is the epsilon value at the target period T* = 0.38s (see Table 6), and σlnSA(Mw, Ti) is 
the standard deviation of the logarithm of SA(Ti), as specified by the GMPE. 

The associated standard deviation is also evaluated, thanks to the following equation: 

𝜎𝑙𝑛 𝑆𝐴(𝑇𝑖)| 𝑙𝑛 𝑆𝐴(𝑇∗) = 𝜎𝑙𝑛 𝑆𝐴(𝑀𝑤 , 𝑇𝑖) ∙ √1 − 𝜌𝑇𝑖,𝑇∗
2  (28) 

http://www.globalquakemodel.org/


NARSIS Project (Grant Agreement No. 755439) Del2.6 
 

- 27 - 

The conditional mean spectrum and its associated standard deviation are finally 
assembled in order to construct the conditional spectrum at each scaling level. The 
conditional mean spectra are represented in Fig. 5, along with the uniform hazard 
spectra (UHS) that are estimated from the hazard curves at various periods. As stated 
in Lin et al. (2013), the SA value at the conditioning period corresponds to the UHS, 
which acts as an envelope for the conditional mean spectrum. 

 

 

Fig. 5: Conditional mean spectra and uniform hazard spectra for the 6 scaling levels. 

 

6. Selection and scaling of the ground-motion records: ground-motion records that 
are compatible with the target conditional response spectrum are selected, using the 
algorithm by Jayaram et al. (2011) implemented in a Matlab routine 
(https://web.stanford.edu/~bakerjw/gm_selection.html). The final selection from the 
PEER database (PEER, 2013) consists of 30 records for each of the 6 scaling levels 
(i.e., 180 ground-motion records in total), as illustrated in Fig. 6. 

 

https://web.stanford.edu/~bakerjw/gm_selection.html
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Fig. 6: Conditional spectrum for scaling level #4 and corresponding set of 30 selected ground-motion records. 

 

4.3.3 Derivation of scalar-IM fragility functions 

The 180 ground-motion records are applied to the base of the 3D model of the PWR building, 
in the form of a 3-component loading. In order to integrate the epistemic uncertainties due to 
the identification of some mechanical and geometrical parameters, ten variables are sampled 
within a Latin Hypercube Sampling design (see Table 7), following the values provided by 
Rahni et al. (2017).  

 

Table 7: Range of variation of the ten uncertain parameters considered, based on Rahni et al. (2017). A uniform 
distribution is assumed. 

Variable Definition Uniform distribution interval 

EIC Young’s Modulus – Inner containment [27700 – 45556] MPa 

ξRPC Damping ratio – reinforced prestressed concrete [4 – 6] % 

ξRC Damping ratio – reinforced concrete [6 – 8] % 

e1 Pipe thickness – Segment #1 [29.8 – 38.3] mm 

e2 Pipe thickness – Segment #2 [33.3 – 42.8] mm 

e3 Pipe thickness – Segment #3 [34.1 – 43.9] mm 

e4 Pipe thickness – Segment #4 [33.3 – 42.8] mm 

e5 Pipe thickness – Segment #5 [53.4 – 68.6] mm 

e6 Pipe thickness – Segment #6 [34.1 – 43.9] mm 

ξSL Damping ratio – steam line [1 – 4] % 

 

In total, 360 models of the PWR structure are built in the CAST3M environment, so that each 
ground-motion record may be applied to two different models, with the objective of generating 
enough data points. 

The criterion for the occurrence of the damage state considered (i.e., failure at the vertical 
stop) is arbitrarily set at EDPth = 400 kN for the maximum transient stress at the vertical stop: 
this choice is made in order to obtain a relatively good balance between data points 
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corresponding to intact or damaged states, for demonstration purposes. As an example, some 
simulation outcomes are presented in Fig. 7, with respect to PGA and SA(0.5s). 

 

 

Fig. 7: IM-EDP data points, with respect to PGA (left) and SA(0.5s) (right). 

 

From Fig. 7, it may be observed that a linear fit between the logarithms of IM and EDP is not 
justified for this specific case study: while Rahni et al; (2017) have applied a Box-Cox 
transformation to linearize the data, it is proposed here to use the MLE approach, which only 
requires a separation between the intact and damaged states (i.e., respectively blue and red 
points in Fig. 7). 

To this end, a large number of ground-motion parameters is evaluated as potential IMs (see 
definitions in Appendix A): 

 Spectral acceleration at various periods: SA(T) 

 Peak parameters: PGA, PGV, PGD 

 Arias Intensity parameters: AI, A95, SL75 (95) 

 Spectral intensities: SI, ASI 

 Duration parameters: RSD75 (95) 

 Cyclic parameters: NCy, DCy 

 Energy-related parameters: NED 

 Parameters related to time-integrated acceleration: CAV, ARMS 

It is then proposed to use three performance metrics in order to estimate the adequacy of these 
potential IMs: 

1. Standard-deviation β of the fragility curve: although the MLE approach is used here, 
the estimated dispersion parameter β may be interpreted as the quantity described in 
Equation 12, which actually corresponds to the aforementioned proficiency measure. 

2. Akaike Information Criterion (AIC): this criterion quantitatively assesses the 
goodness-of-fit of a given model. The AIC accounts for the number of parameters used 
in a model through the variable k, in order to penalize the over-parametrization of some 
models. In the case of scalar-IM fragility curves, k = 2 (i.e., parameters α and β). The 
AIC is then expressed as follows: 

𝐴𝐼𝐶 = 2𝑘 − 2 𝑙𝑛 𝐿 (29) 
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where L is the likelihood function of the fragility model, which is computed as a product 
of the 360 conditional probabilities corresponding to the 360 simulation outputs. 
Therefore, a small AIC value implies a great model fit. 

3. Area under the ROC curve (AUC): the ROC curve is a possible representation of a 
ROC analysis, where the ability of a given model to be both specific and sensitive is 
evaluated by plotting the true positive rate versus the false positive rate. This approach 
has been applied by Gehl et al. (2013) to the evaluation of fragility curves (i.e. ability of 
the model to accurately predict the damage state or not, given an IM taken as a 
predictor). Therefore, the AUC provides a quantification of how well the fragility model 
works as a classifier: a large AUC value (i.e., area close to 1) implies a model that 
works significantly better than a random classifier (i.e., the 1:1 diagonal). 

These three criteria are first estimated for SA at various periods, ranging from 0.05s to 2s (see 
Fig. 8). The curves reveal an optimum at T = 0.29s, whatever the metric considered. Local 
optima are also found at periods equal to 0.14s and 0.50s. The three identified periods are 
close to the periods that corresponding to the first two vibration modes (i.e., T1 = 0.34s and T2 
= 0.15s). However, they are not exactly identical, and these differences may be explained by 
two factors, i.e. (i) the combination of superior modes that may be excited by some ground 
motions and (ii) the lengthening of the fundamental period due to the loss of elasticity of the 
structural components. 

 

 

Fig. 8: Evolution of the three performance metrics considered, with SA at different periods. 

 

As a result, SA at the three identified periods (0.14s, 0.29s and 0.50s) are considered as 
potential IMs; and their performance is compared to the one of other ground-motion 
parameters (see Table 8). 
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Table 8: Estimated values of the three performance metrics, for different potential IMs. The gray cells indicate the 
five best performing IMs, for each metric. 

IM β AIC AUC 

SA(0.14s) 0.5415 229.91 0.9166 

SA(0.29s) 0.3898 175.82 0.9547 

SA(0.50s) 0.5144 206.12 0.9363 

PGA 0.4403 198.45 0.9399 

PGV 0.4928 205.73 0.9381 

PGD 1.2622 308.93 0.8469 

AI 0.7674 182.13 0.9485 

A95 0.4041 192.88 0.9389 

SL75 0.9471 206.91 0.9325 

SL95 0.7681 176.59 0.9508 

SI 0.5293 213.94 0.9347 

ASI 0.3775 176.23 0.9519 

RSD75 - - - 

RSD95 - - - 

NCy - - - 

DCy 0.8123 191.58 0.9412 

NED 1.4284 259.27 0.8968 

CAV 0.6012 247.15 0.8951 

ARMS 0.5728 240.45 0.9073 

 

It is found that the parameters SA(0.29s) and ASI are the most consistent, since they show a 
satisfying performance across the three metrics. Other well performing parameters are PGA, 
PGV, AI, A95, SL95 and Dcy. However, it should be noted that DCy, SL95 and A95 may not 
be easily computed from current GMPEs (see Table 3). The metrics cannot be evaluated for 
some parameters (RSD75, RSD95, NCy) because the fragility estimation has not converged 
due the poor IM-EDP correlation: these parameters may still be used as secondary IMs when 
deriving fragility surfaces, if the right IM combination is found. 

Finally, as an example, fragility curves with respect to four IMs (SA at 0.29s, ASI, PGA, AI) are 
displayed in Fig. 9, along with the confidence intervals on the statistical estimation. The 
confidence bounds are estimated with a bootstrap technique, where data points are 
successively taken out from the IM-EDP dataset. These intervals may then be interpreted as 
the epistemic uncertainty that is due to the statistical method for the estimation of the fragility 
parameters (i.e., this uncertainty is expected to decrease as the number of NLTHAs is 
increased). 
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Fig. 9: Fragility curves for the PWR steam line, with respect to various IMs. The solid line represents the median 
and the dashed lines represent the 5%-95% confidence interval due to the statistical estimation. 

 

4.3.4 Derivation of vector-IM fragility functions 

In order to improve the predictive power of the fragility curves and to reduce the dispersion 
due to the record-to-record variability, it is proposed to combine two IMs and to use this vector-
valued predictor for the derivation of the fragility functions. To this end, the following functional 
form for the damage probability is assumed: 

 

𝑃𝑓(𝑖𝑚1, 𝑖𝑚2) = 𝑃(𝑑𝑠 ≥ 𝐷𝑆|𝐼𝑀1 = 𝑖𝑚1, 𝐼𝑀2 = 𝑖𝑚2)

=
1

2
[1 + 𝑒𝑟𝑓(𝑐1 + 𝑐2 𝑙𝑛 𝑖𝑚1 + 𝑐3 𝑙𝑛 𝑖𝑚2)]

 (30) 

where erf is the error function and c1, c2 and c3 are the coefficients to be estimated (i.e., fragility 
parameters). 

A composite variable imV may then be introduced as follows: 

𝑖𝑚𝑉 = 𝑖𝑚1

𝑐2

𝑐2+𝑐3 ⋅ 𝑖𝑚2

𝑐3

𝑐2+𝑐3 (31) 

Using imV as the IM, the functional form in Equation 30 is expressed as: 
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𝑃𝑓(𝑖𝑚𝑉) = 𝑃(𝑑𝑠 ≥ 𝐷𝑆|𝐼𝑀𝑉 = 𝑖𝑚𝑉) = 𝑃(𝑑𝑠 ≥ 𝐷𝑆|𝐼𝑀1 = 𝑖𝑚1, 𝐼𝑀2 = 𝑖𝑚2)

=
1

2
[1 + 𝑒𝑟𝑓(𝑐1 + 𝑐2 𝑙𝑛 𝑖𝑚1 + 𝑐3 𝑙𝑛 𝑖𝑚2)]

=
1

2
[1 + 𝑒𝑟𝑓 (

𝑐1
𝑐2+𝑐3

+𝑙𝑛 𝑖𝑚1

𝑐2
𝑐2+𝑐3+𝑙𝑛 𝑖𝑚2

𝑐3
𝑐2+𝑐3

1

𝑐2+𝑐3

)]

=
1

2
[1 + 𝑒𝑟𝑓 (

𝑙𝑛 𝑖𝑚𝑉+
𝑐1

𝑐2+𝑐3
1

𝑐2+𝑐3

)]

=
1

2
[1 + 𝑒𝑟𝑓 (

𝑙𝑛 𝑖𝑚𝑉−𝑙𝑛 𝛼𝑉

𝛽𝑉√2
)]

 (32) 

where αV and βV are the “fragility parameters” of the composite IM imV, which are finally 
identified as follows: 

{
𝛼𝑉 = exp (−

𝑐1

𝑐2+𝑐3
)

𝛽𝑉 =
1

(𝑐2+𝑐3)√2

 (33) 

The coefficients c1, c2 and c3 are estimated with a MLE approach, using the same likelihood 
function as in Equation 13 (expect that there are now three parameters to find, instead of two).  

Thanks to the identification of the “composite” dispersion parameter βV, it is possible to 
compute the same three of types of performance metrics, as for the case of scalar-IM fragility 
curves. More than sixty combinations of vector-valued IMs are tested, and the results for the 
most promising couples of IMs are detailed in Table 9. 

 

Table 9: Estimation values of the three performance metrics, for different vector-valued IMs. The gray cells indicate 
the three best performing couples of IMs, for each metric. 

IM1 IM2 βV AIC AUC 

SA(0.14s) SA(0.29s) 0.3724 173.71 0.9568 

SA(0.14s) SI 0.3464 167.19 0.9508 

SA(0.29s) SA(0.50s) 0.3834 173.74 0.9571 

SA(0.29s) PGA 0.3370 161.33 0.9424 

SA(0.29s) PGV 0.3718 171.22 0.9591 

SA(0.29s) AI 0.4687 171.69 0.9530 

SA(0.29s) SI 0.3659 167.43 0.9610 

SA(0.29s) RSD95 0.4371 174.11 0.9559 

SA(0.50s) PGA 0.3348 158.25 0.9439 

PGA PGV 0.3389 166.18 0.9532 

PGA AI 0.5027 170.79 0.9468 

PGA SI 0.3225 155.43 0.9339 

PGA ASI 0.3447 169.06 0.9416 

PGV ASI 0.3668 173.61 0.9526 

 

It is found that the vector-valued IMs tend to perform slightly better than the scalar IMs, judging 
from the values of the three metrics. Some single IMs that were not identified are adequate 
(e.g., RSD95) become much more efficient when combined together. Some examples of 
vector-valued fragility functions are displayed in Fig. 10, for selected combinations of IMs. 
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Fig. 10: Iso-probability lines corresponding to some examples of vector-valued fragility function (i.e., probabilities 
of 0.05, 0.16, 0.5 0.84 and 0.95). The dots represent the outcomes of the NLTHAs in the vector-IM space. 

 

4.3.5 Discussion on uncertainties 

The method to perform fragility analysis of a PWR main steam line described in sections 4.3.1-
4.3.4, as any other method applicable to such a case, is affected by both epistemic and 
aleatory uncertainties.  

One of the possible sources of epistemic uncertainty is the application of CAST3M model 
(Rahni et. al. 2017), which is a typical situation when any model is applied to describe physical 
processes. The analysis of the uncertainty of the model would demand special studies and, in 
principle, should be performed together with sensitivity analysis in order to find the input 
parameters which can the most affect the results. Formally this can be achieved by using 
different sensitivity analysis techniques (e.g., Iooss & Lemaitre, 2015), by following either a 
local approach (i.e. where the effect of a single parameter on the final output is investigated 
one-at-a time) or global (i.e. the effect of a specific uncertainty to the overall uncertainty in the 
output° for example, Sobol’ variance-based indices (e.g. Saltelli et al., 2008) describing which 
portion of the uncertainty (expressed in terms of the ratio of conditional variance to total 
variance) comes from the investigated parameters or input data. Note that global sensitivity 
analysis techniques could also be used for assessing the importance of each IMs and possibly 
guide the selection of the most informative ones. However, this approach still would not cover 
all the epistemic uncertainties and it seems that expert judgment would be necessary in any 
case. 
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The selection of seismic input for non-linear time-history analyses finally led to 180 total ground 
motion records. From statistical point of view such an amount is usually satisfactory, however 
it should be noted that 30 records are used for each scaling level, which means that one can 
expect less accuracy in estimating conditional mean spectrum.  

Similarly as for CAST3M model, the OpenQuake engine is used to perform hazard 
disaggregation in the process of the seismic input selection, hence the same general 
comments can be applied if epistemic uncertainties are considered.  

Occurrence of damage state is defined arbitrarily at EDPth = 400 kN for maximum transient 
stress – the choice of this value can be potentially also a source of uncertainty. In such a case 
simple sensitivity analysis could be performed, but taking into account that epistemic 
uncertainties are associated with the models applied, this seems to lead to the effects of lower 
order. 

Derivation of scalar-IM fragility functions is based on three performance metrics estimating the 
adequacy of potential IM. One of the metrics is a standard deviation of the fragility curve thus 
explicitly related to the uncertainty. For vector-valued IM the same metrics have been applied 
and it has been found that application of two properly chosen intensity measures produces the 
lower uncertainty than application of any single IM. Basically, this type of analysis can be 
extended to the application of three or more IMs, which, in principle, could lead to further 
decrease of uncertainty, however the adequate combination of IMs would be more difficult. In 
this respect, one of the points is the proper estimation of the coefficients c1, c2 and c3 (or more 
if more IMs are taken into account). For the maximum likelihood estimation applied for this 
estimation, in principle the Rao-Cramer inequality can be used to give the lower bound of the 
mean square errors of the estimators. Then the uncertainty of fragility parameters αV and βV 
can be also estimated. 

The other possible choice could be the application of minimum variance estimator – in this 
case it is important (according to Rao-Blackwell theorem) to find complete sufficient statistics 
of estimating variables, which in case of complex system would be a great challenge. 

Whatever method is used, one should have still in mind, that there are sources of epistemic 
uncertainties not easy to handle as described in section 3.5 and, for this reason, expert 
judgment cannot be disregarded. 

Following this qualitative analysis of potential uncertainty sources, it is proposed to discuss a 
set of procedures for the quantitative estimation of some uncertain components, namely the 
record-to-record variability, the uncertainty due to the number of data points, and the in-situ 
variability due to the variability of mechanical and geometrical parameters. 

 

a. Decomposition of the record-to-record variability 

The contribution of the record-to-record variability to the global uncertainty structure may be 
estimated thanks to the comparison between scalar-IM fragility curves and vector-IMs fragility 
surfaces. To this end, as an example, it is proposed to reduce the fragility surface w.r.t. [PGA 
; SA(0.29s)] (see top left plot in Fig. 10) into a fragility curve w.r.t. SA(0.29s) only. This 
operation should consider the correlation between the two IMs, in order to preserve the hazard 
consistency of the applied loading. Therefore, a first step consists in estimating the distribution 
of the secondary IM (i.e, PGA) w.r.t. SA(0.29s), using the dataset of the input ground-motion 
records: a median line and its 16%-84% confidence intervals is then plotted (see Fig. 11, left). 
The space delimited by this interval provides also practical guidance on the validity domain of 
the fragility surface, in the sense that it identifies the IM combinations that are very unlikely. 
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Fig. 11: Left: fragility surface w.r.t. PGA and SA(0.29s), the solid blue line represents the median of the PGA-
SA(0.29s) distribution and the dashed blue lines the 16%-84% confidence intervals; Right: Equivalent fragility 

curves w.r.t. SA(0.29s). 

 

It is then proposed to generate “slices” of the fragility surfaces by following the distribution of 
PGA as a function of SA(0.29s) (i.e., solid and dashed lines in Fig. 11, left). As a result, the 
“slices”, now represented as a function of the unique IM SA(0.29s), may be compared to the 
original scalar-IM fragility curve taken from Fig. 9. The fragility curves in Fig. 11 right are 
identified as follows: 

 Solid red line: “mean” fragility curve corresponding to the scalar-IM fragility curve; 

 Solid blue line: median fragility curve corresponding to the “median” slice of the fragility 
surface; 

 Dashed blue lines: 16%-84% confidence intervals around the median fragility, 
corresponding to the lower and upper bounds of the slices of the fragility surfaces. 

Finally, this family of fragility functions corresponds to the probabilistic framework by Kennedy 
et al. (1980), which has been detailed in section 3. The mean fragility curve, w.r.t. to SA(0.29s), 
has a total standard deviation βtot = 0.390. Meanwhile, the median fragility curve, obtained from 
the fragility surface w.r.t. PGA and SA(0.29s), has a standard deviation of 0.342, which actually 
corresponds to the aleatory randomness term (i.e., βR). The confidence intervals obtained from 
the graphical construction in Fig. 11 are then used to estimate the epistemic uncertainty term, 
i.e. βU ≈ 0.187. 

It may be concluded that the vector-IM fragility functions lead to the transfer of a part of the 
record-to-record variability into a form of epistemic uncertainty, which is related to the 
description of the seismic loading given the hazard at the specific site. 

 

b. Uncertainty due to the number of data points 

The epistemic uncertainty due to the number of data points in the simulations, i.e. related to 
the quality of the statistical estimation of the fragility parameters, may also be evaluated in the 
case of vector-IM fragility functions. To this end, the same bootstrap approach as in section 
4.3.3 is applied to the fragility surface w.r.t. of PGA and SA(0.29s). The outcomes of the 
bootstrap sampling are displayed in Fig. 12, in the case of 5%-95% confidence intervals.  
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Fig. 12: Left: fragility surface w.r.t. PGA and SA(0.29s), with the 5%-95% confidence intervals (dashed lines) due 
to the statistical estimation; Right: Equivalent fragility curves  w.r.t. SA(0.29s) and related 5%-95% confidence 

intervals due to the statistical estimation. 

 

In Fig. 12 left, the confidence intervals around the iso-probability lines are narrower around the 
locations where the most data points are present, as expected. In order to compare these 
confidence intervals with the ones estimated for the corresponding single-IM fragility curves 
(i.e., Fig. 9 top left), the fragility surface is reduced to a scalar case w.r.t. SA(0.29s) only, 
following the same approach as before (i.e., use of a “median” slice of the fragility surface). 
The curves in Fig. 12 right reveal a similar order of magnitude for the confidence intervals due 
to the amount of data points, both for the single-IM fragility curve and the vector-IM fragility 
function. 

 

c. In-situ uncertainty due to the variability of mechanical and geometrical 
parameters 

The in-situ uncertainties (see classification in section 3.5) related to the mechanical and 
geometrical parameters of the main steam line (e.g. elastic stiffness, damping, pipeline 
thicknesses, etc) were studied by randomly sampling them using the Latin Hypercube 
Sampling method (McKay et al., 1979). This method enables us to cover a broad range of 
situations (space-filling sampling method), i.e. it provides good representativeness of reality at 
a reasonable number of sampled situations and therefore was chosen. Orthogonal sampling 
could be another choice, then however the difficulty would come from a priori division of the 
sampling space. As a result, in total 360 models of the PWR structure have been built.  

The influence of the random mechanical and geometrical parameters was studied by testing 
whether they should be integrated in the vector-based fragility model. Formally, we test 
whether the mean and variance of the multivariate lognormal model (Equation 30) should be 
completed by a sum of univariate functions of the mechanical and geometrical parameters. 
This problem is solved within the setting of Generalized Additive Model for Location, Scale and 
Shape parameter (GAMLSS; Rigby & Stasinopoulos, 2005) so that the functions of the 
uncertain parameters are assumed to be represented by univariate, non-linear and smooth 
termed as GAM (here modelled by P-splines). Here we restrict the analysis to a semi-
parametric additive formulation as follows: 
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 = 0 + 𝑓1(𝑖𝑚1) + 𝑓2(𝑖𝑚2) + ∑ 𝑓𝑗(𝑥𝑗)
𝑝
𝑗=1  (34) 

Where  is the parameter of the lognormal model (either the mean or the variance); im1,2 are 
the intensity measures (PGA and SA at 0.29s); xj are the p mechanical and geometrical 
parameters (here, p = 10); fj corresponds to the GAM (here, P-spline models); and 0 is a 

constant. Due to the limited number of models (here, 360), the maximum-likelihood-based 
fitting of this model is combined with a penalization procedure (Wood et al., 2016), which allows 
setting to zero the variables of negligible influence in the GAMs. 

 

 

Fig. 13: Smooth models showing the evolution of the mean component of the log-normal vector-based fragility 
model as function of the input parameters, namely the intensity measures are the PGA and SA at 0.29s( denoted 

SA29), and the mechanical and geometrical parameters; horizontal trends indicate negligible influence of the 
corresponding parameter. 

 

Fig. 13 shows the evolution of the mean component of the lognormal vector-based fragility 
model depending on the intensity measures (PGA and SA at 0.29s) and on the mechanical 
and geometrical parameters. We see that the pipe thickness e2 has negligible influence: the 
penalisation leads to a constant trend at zero. We also note the very slight influence of e1, and 
of ξRPC (small evolving tendency). 
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Fig. 14: Smooth models showing the evolution of the variance component of the log-normal vector-based fragility 
model as function of the input parameters, namely the intensity measures are the PGA and SA at 0.29s (denoted 

SA29), and the mechanical and geometrical parameters; horizontal trends indicate negligible influence of the 
corresponding parameter. 

 

Fig. 14 gives a similar analysis but for the variance parameter of the fragility model. Here we 
can note the negligible influence of two mechanical parameters, EIC and ξSL, and of four 
thickness parameters e1, e3, e4 and e6 on the variance. 

One major interest of the procedure is the ability to study the evolution of the full probability 
distribution of EDP as a function of the selected parameters and to identify regions of the 
parameters’ values leading to large failure probability. Fig. 15 illustrates this type of analysis 
by focusing on the fourth thickness parameter e4. The blue envelope is the envelope of all 
CDFs derived from the random sampling of all parameters. The red one includes the impact 
of all random parameters, except for e4, whose value is fixed at a constant value ranging from 
0.05 to 0.07. We note the rightwards translation of the red envelope when increasing e4, which 
indicates that the larger e4, the larger the damage probability i.e. Pr(EDPth ≥ 400 kN). 
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Fig. 15: Evolution of the CDF related to EDP when the pipe thickness parameter varies. The blue envelope is the 
envelope of CDFs derived from the random sampling of all parameters. The red one includes the impact of all 

random parameters, except for e4, whose value is fixed at a given value ranging from 0.05 to 0.07. 

 

4.4 Application: Fragility analysis of a fuel assembly grid 

As another illustrative example a fragility surface for fuel assemblies is estimated, taking into 
account the seismic loads only. 

The virtual reactor as defined in NARSIS project contains 241 closely spaced fuel assemblies, 
which are slender structures supported at both ends. Fuel assembly geometry and core pattern 
are illustrated in Fig. 16. Colored positions are positions equipped with Rod Cluster Control 
Assembly (RCCA). 

 

  

(a) Fuel geometry                                                                    (b) Core pattern 

Fig. 16: 17x17 fuel assembly and core pattern 

 

During an earthquake, fuel assemblies are likely to impact to each other or to the core baffles 
at the grid level. Impact loads should not lead to an excessive inelastic grid deformation, which 
would prevent regular insertion of the Rod Cluster Control Assemblies (RCCA) in case of a 
reactor trip. 

grid 
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In order to estimate the impact loads, 2D models of rows of Fuel Assemblies (FA) are built. 
The fuel assemblies are modelled by linear beams coupled at the top and at the bottom to the 
motions of the grid plate and the lower core plate, respectively. These FA are rather flexible 
structure. Their first Eigen frequency is lower than 3 Hz. Interaction of adjacent FA is modeled 
by nonlinear elastoplastic impact couplings between the spacer grid impact nodes attached to 
the beams. This model is able to predict residual deformations induced by an earthquake, 
which can be compared to criteria that define acceptable grid deformations with regard to 
RCCA drop. 

The 180 ground motion time histories, defined in section 4.3.2, are propagated through a 
building model of the reference plant. The building time histories at the core level are applied 
directly (without considering the dynamic behavior of the RPV internals) to the 2D model of the 
FA rows and for each time history, it is evaluated whether failure occurs. 

In a first step, univariate fragility curves are built for several intensity measures. 

The parameters of the classical lognormal fragility model are identified using Maximum 
Likelihood estimation, on the basis of 90 time histories randomly chosen within the initial set 
of 180 time histories. Then, in order to identify which IM performs best for this test case, a 
Receiver Operating Characteristics (ROC) analysis is performed on the basis of another set of 
90 time histories. The operation is repeated several times with different sets of 90 time histories 
in order to check the robustness of the results. This step permits to identify, without a-priori 
assumptions, the best performing IM for this given test case. Fig. 17 shows the results obtained 
for the most efficient IM. According to the ROC curves (b), the most efficient IM are ASI and 
SrVI. This is also indicated by the fact that the corresponding fragility curves (a) are steeper 
than the ones based on other IM; a steeper fragility curve implies less uncertainty about the 
capacity, i.e. the level of the IM at which failure occurs.  

 

  

(a) Fragility models (Normalized Fragility curve. Median Capacity equals 1)          (b) ROC analysis 

PGA: peak ground acceleration 

SA_1: Absolute spectral acceleration at first frequency (f1) of the fuel assembly 

ASI: average absolute spectral acceleration in the range [f1: f1+1Hz] 

SVr_1: Relative spectral acceleration at first frequency (f1) of the fuel assembly 

SrVI: average relative spectral velocity in the range [f1: f1+1Hz] 

Fig. 17: Results of the fragility function considering one intensity measure 

 

In a second step, it is studied whether uncertainties can be reduced by building a bivariate 
fragility surface based on two uncorrelated (or poorly correlated) IMs. No pair of IM including 
ASI or SrVI has led to a reduction of uncertainty in comparison with ASI or SrVI alone. 

Direction of increasing 
quality of the model 
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However, it was found that it is possible to reduce uncertainties regarding the capacity in terms 
of PGA alone by building a vector-valued fragility surface that combines PGA and the ratio 
PGA/PGV (peak ground velocity). These two parameters are poorly correlated, and PGA/PGV 
is a good indicator of spectral shape.  

Fig. 18 shows the effect of the second IM, PGA/PGV, by plotting fragility curves keeping the 
second IM constant and comparing with the univariate fragility curve based on PGA. 

 

 

Fig. 18: Single-variable fragility curve compared to slices of a fragility surface 

 

To conclude, the fragility surface representing ground motion by {PGA and PGA/PGV} tends 
to reduce uncertainties in comparison to the fragility curve representing ground motion only by 
{PGA}. It seems equivalent to a fragility curve representing ground motion by a parameter that 
is specific to the structure (e.g. ASl → spectral acceleration around its first frequency). 

A sensitivity analysis should be performed to evaluate whether the dynamic response of the 
RPV internals – not considered in the present study – has significant effects on the presented 
results. 
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5 Vector-Valued IMs for the Treatment of Multi-Hazard Interactions 

This section is devoted to the case of fragility functions that account for multiple hazard 
functions. After a literature review of existing fragility models that may be relevant for nuclear 
applications, a short reflexion on potential frameworks for the multi-hazard fragility modelling 
of SSCs is proposed. 

 

5.1 Literature Review 

Multi-hazard interactions have been addressed in detail within the FP7 ASAMPSA_E project 
(Decker & Brinkman, 2016), which should constitute the starting point for the multi-hazard 
fragility analyses in NARSIS. Moreover, the literature on interactions in terms of multi-risk 
frameworks has been reviewed as part of NARSIS deliverable report D1.1 (Daniell et al., 
2018). 

System theory matrix approaches are suggested as a tool to consider hazard interactions and 
time-variant vulnerability. Literature along these lines was introduced in Liu et al. (2015) with 
these methods having been used in various fields including environmental issues (e.g. Simeoni 
et al., 1999; de Pippo et al., 2008), rock engineering (e.g. Hudson, 1992) and natural hazard 
assessment (Kappes et al., 2010; Mignan et al., 2014; Gill & Malamud, 2014). The basis of 
this approach consists of the comprehension and description of the relationships among 
agents and processes in the evolution of the system (Liu et al., 2015). 

As part of the MATRIX project, Garcia-Aristizabal et al. (2013) provided more detail on multi-
risk approaches; however as of 2011, it was detailed that no studies had used extensive multi- 
hazard assessment. Since 2011, literature has explored this in greater detail with a number 
exploring comprehensive multi-hazard risk assessment (Marzocchi et al., 2012; Selva, 2013; 
Mignan et al., 2014). Marzocchi et al. (2012) studied multi-hazard risk via event trees for the 
triggering effects in Italy: they examined the fact that individual events modelled separately 
may not directly permit the creation of a combined risk and the dependence between hazards 
needs to be taken into account. 

The MATRIX project set out to develop methodologies and concepts in multi-hazard and the 
associated three-level framework (Liu et al., 2015) for multi-risk assessment gave a first 
framework for how to deal with time-variant vulnerability as well as the hazard interactions 
within a singular event between perils. Within the MATRIX project, event-tree and fault-tree 
strategies were used for various case studies – Cologne for earthquake-triggered 
embankment/flood defence failures; Guadeloupe for rainfall and earthquake-induced landslide 
events; Naples for volcanic earthquakes and seismic event triggered by volcanoes. 

Gill & Malamud (2014) also examined over 20 hazards with a matrix approach similar to Level 
2 of the MATRIX approach. A number of other approaches in addition have been presented to 
attempt a solution for multi- hazard analysis (Liu et al. (MmhRisk-HI), 2017), among others 
attempting multivariate approaches to assess multiple parameter distributions and correlations 
for hazard analysis (Sadegh et al., 2018). 

Selva (2013) has also proposed a probabilistic framework for the statistical treatment of multi-
risk interactions. Functional forms are introduced for the quantification of all types of 
interactions (i.e. in terms of hazard, exposure and fragility), while various risk factors are 
defined in order to identify the different types of contributions from the multiple hazards. The 
concept of the time window, during which the effects of multiple hazards are still present on a 
given asset, is recognised as a key parameter of multi-risk analyses: this feature appears to 
be essential especially when considering concurrent independent hazard events. 

As summarised in Fig. 19, the multi-risk assessment framework by Marzocchi et al. (2012) 
allows for the treatment of either independent or cascading events, as long as the space and 
time boundaries of the problem at hand are properly specified. The use of harmonised loss 
metrics (e.g., based on functionality or performance loss in the case of technical systems such 
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as NPPs) is necessary in order to the aggregate the effects of the various hazard 
combinations. 

 

 

Fig. 19: Multi-risk assessment framework proposed by Marzocchi et al. (2012), for joint independent hazards 
(sources 1 and 2) and cascading hazards (source 2 triggering source 3) 

 

Whatever the multi-hazard framework considered, ad hoc fragility models must be developed 
in order to translate the cumulative or joint effects of multiple loadings into updated probabilities 
of damage or failure (e.g, joint or updated vulnerability models in Fig. 19). 

A review within NARSIS report D1.1 (Daniell et al., 2018) examined the following interaction 
components:- 

 Longer term effects of induced natural hazards have been investigated by Cavalieri et 
al. (2016) following the Tohoku and Christchurch earthquakes of 2011, where time in 
between events as well as damaged infrastructure caused issues for coincidental 
hazards. The multi-hazard aspects in this case were not concurrent (although 
secondary effects and aftershocks were of course also part of these sequences), but 
the main issue was the damage to pipelines, dams and flood retention structures which 
then affected the impact of the flood hazard due to extreme rainfall (observed in 2014 
in the case of Christchurch), where major flooding of the city occurred.  

 A significant number of authors have examined earthquake interactions with volcanic 
eruptions and triggered earthquakes (Feuillet et al., 2005; Neri et al., 2013, Bonini et 
al., 2016), however very few modelling frameworks have been presented. Zuccaro et 
al. (2008) presented one with the interaction of the component hazards from 
earthquake and volcanic eruptions. 

 Butler et al. (1991) examined landslide-induced floods historically. Crosta & Frattini 
(2003) and Chen et al. (2016) have explored such events from the other perspective 
with rainfall-induced slope failures.  
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 On the flood modelling side, multi-variate flood damage assessment has been explored 
by a number of authors, where the correlation of flow, velocity, depth and duration has 
been explored. Kreibich et al. (2009) explored the correlation to damage with later 
authors such as Merz et al. (2013), Chinh et al. (2015) exploring the relationship 
through multi-variate distributions. 

 Nielsen et al. (2015) describe 68 Tornado and Flash Flood events (TORFF) occurring 
simultaneously between 2008 and 2013; simultaneous occurrences have also been 
described by Rogash and Racy (2002) in 31 events from 1992 and 1998. Events such 
as this cause many problems for humans given the lack of safe options for sheltering 
from both a high wind and flash flood.  

 Phan et al. (2007) used SLOSH models to estimate wind speeds and storm surge 
heights creating site-specific joint distributions. On the hazard side, other authors have 
followed the same combination such as Lin and Vanmarcke (2010), however they have 
also accounted for the vulnerability due to combinations.  

 Li et al. (2011) and Pita et al. (2012) have both created methodologies to account for 
rain and wind damage co-occurring during hurricanes with joint statistical distributions. 
Mudd et al. (2016) undertook a numerical simulation behind a joint probabilistic analysis 
of hurricane winds and rainfall. Flood and sea-level rise combinations have been 
examined by many researchers but is of little impact for NPPs, Nicholls et al. (1999) 
and Hinkel et al. (2014) are two such studies.  

 A coupled model has been used to model interactions between hazards by adjusting 
the relative property by Dietrich et al. (2010) for riverine flood, wind, storm surge, tidal 
effects and wind wave effects. 

 Tyagunov et al. (2018) provide a multi-hazard fragility and failure probability analysis 
for fluvial flood control structure systems using earthquake and flood prone areas and 
the influence of liquefaction. Their failure probability is described by a three-
dimensional fragility surface as a function of both earthquake ground shaking (PGA) 
and floodwater level (impoundment of the dike), however does not use additional 
parameters within any one of the peril types. Tyagunov et al. (2018) showed that a rise 
in floodwater level reduces the liquefaction triggering PGA threshold due to high 
moisture content in the dike core. 

 The OOFIMS framework (Franchin & Cavalieri, n.d.) has also been advanced by 
Cavalieri et al. (2016) for various multi-hazard scenarios including that of earthquake 
and flood. 

 When considering earthquake and flood hazard and the developed fragility curves, the 
liquefaction potential is important with the non-zero liquefaction probability for an 
exemplary dike location becomes evident. Non-structural elements and their 
damageability are brought into Venanzi et al. (2018) exploring wind and seismic loads 
on tall buildings. 

 The impact of aftershocks in terms of vulnerability is distinctively different to 
mainshocks since they usually occur in the same area where the mainshock occurred, 
yet with a smaller amount of shaking. Pre-damaged buildings are more vulnerable (e.g. 
Wen et al., 2017). Past events have shown various times how relevant the aftershock 
impact on a risk level can be (Shome & Williams, 2014). 

 Ribeiro et al. (2014) and Song et al. (2016) presented a framework for mainshock-
aftershock sequence modelling of steel structures, both showing significant effects due 
to aftershocks. 

The past few years have seen the developments of specific multi-hazard fragility models that 
correspond to some of the aforementioned interactions. A non-exhaustive summary is 
provided in Table 10. 
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Table 10: Summary of some recent studies devoted to the development of multi-hazard fragility models. 

Study Hazard(s) 
Exposed 

element(s) 
Intensity 
measure 

Main features 

Lee & Rosowsky (2006) earthquake, snow wood frame 
building 

PGA, snow 
load on rooftop 

numerical simulations, 
parametric fragility 
(different snow loads) 

Kafali (2008) wind, wave 
effects 

offshore 
platform 

wind speed 
over sea 
surface, wind 
angle 

analytical solution, 
crossing theory for 
system fragility, linear 
oscillator approximation 

Zuccaro et al. (2008) explosive volcanic 
eruption 
(earthquake, ash-
fall, pyroclastic 
flow) 

residential 
buildings 

macroseismic 
intensity, ash 
load, dynamic 
pressure 

empirical / expert-based 
vulnerability functions, 
updated Damage 
Probability Matrices, 
sequence of events 

Asprone et al. (2010) blast, earthquake RC building load factor, 
SA(T) 

numerical simulations, 
independent fragility 
curves, aggregated 
annual collapse 
probabilities 

Chiodi et al. (2011) earthquake, wind steel hangar 
structure 

SA(T), wind 
speed 

methodological 
framework, hazard-
independent fragility 

Li et al. (2011) wind, storm surge 
(hurricane) 

residential 
buildings 

  

Alipour & Shafei (2012) earthquake, 
riverine flood 
(scour) 

RC bridge PGA, scour 
depth (from 
flow discharge 
and flow depth) 

numerical simulations, 
parametric fragility 
(different scour 
conditions) 

Li & van de Lindt (2012) wind, flood 
earthquake, snow 

residential 
buildings 

wind speed, 
water depth, 
SA(T), snow 
load 

hazard-independent 
fragility curves, 
harmonized losses 

Pita et al. (2012) rainfall, wind 
(hurricane) 

residential 
buildings 

wind speed, 
rain rate 

numerical simulations, 
building component 
damage curves due to 
wind (roof, gable, 
windows, doors), 
damages curves due to 
water ingress 

Prasad & Banerjee 
(2013) 

earthquake, 
riverine flood 
(scour) 

RC bridge PGA, scour 
depth (from 
flow discharge 
and flow depth) 

numerical simulations, 
parametric fragility 
(different scour 
conditions) 

Kameshwar & Padgett 
(2014) 

earthquake, storm 
surge (hurricane) 

highway 
bridges 

PGA, surge, 
water depth 

numerical simulations, 
multivariate GLM, hazard-
independent fragility, risk 
comparison 

Ribeiro et al. (2014) earthquake 
(aftershocks) 

steel structure SA(T) for 
mainshock and 
aftershock 

numerical simulations, 
back-to-back NLTHAs, 
conditional probability of 
failure during aftershock 
given mainshock, 
robustness index 

Charvet et al. (2015) tsunami, debris 
impact 

wood / 
masonry / RC / 
steel buildings 

water depth, 
flow velocity, 
impact 

empirical fragility (data 
from 2011 Great East 
Japan tsunami), 
multivariate GLM 

Yilmaz (2015) earthquake, 
riverine flood 
(scour) 

highway 
bridges 

PGA, 
occurrence of 

numerical simulations, 
component- and system-
level fragility 
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characteristic 
flood event 

Bodda et al. (2016) earthquake, flood flood defense 
structure 
(gravity dam) 

PGA, water 
depth 

numerical simulations, 
modelling of seepage 
through foundation, 
fragility surface 

Cavalieri et al. (2016) earthquake, flood 
(rainfall) 

storm water 
system 

PGV, PGD, 
flow discharge 

numerical simulations 
(OOFIMS), effects of 
earthquake damage on 
the subsequent flood 
hazard 

De Risi et al. (2017) tsunami wood / 
masonry / RC / 
steel buildings 

water depth, 
flow velocity 

empirical fragility (data 
from 2011 Great East 
Japan tsunami), 
multivariate GLM 

Gehl & D'Ayala (2016) earthquake, 
riverine flood 

RC bridge PGA, flow 
discharge 

numerical simulations, 
system reliability 

Song et al. (2016) earthquake 
(aftershocks) 

steel structure SA(T) for 
mainshock and 
aftershock 

numerical simulations, 
back-to-back NLTHAs, 
aggregation of 
mainshock-aftershock 
losses 

Goda and De Risi 
(2018) 

earthquake, 
tsunami 

residential 
buildings 

PGV, water 
depth 

empirical fragility, hazard-
independent fragility, 
aggregation of losses 

Tyagunov et al. (2018) earthquake 
(liquefaction), 
riverine flood 

fluvial dike PGA, water 
depth 

numerical simulations, 
computation of 
liquefaction potential , 
fragility surface 

Venanzi et al. (2018) earthquake, wind tall building SA(T), wind 
speed 

numerical simulations, 
hazard-independent 
fragility curves, 
aggregated annual losses 

 

5.2 Proposed multi-hazard fragility framework for NPP applications  

The above literature review has made apparent that a wide range of cases should be 
considered when deriving multi-hazard fragility models: these rely on many factors, such as 
the simultaneous or sequential occurrence of hazards loadings, the use of single or multiple 
correlated IMs, the failure mechanisms considered for the computation of losses, etc. 
Moreover, in the case of NPPs, the fragility models for SSCs should provide useful information 
on the functionality of the elements, so that they can be directly integrated into the subsequent 
risk analysis tools (i.e., PSA framework). Therefore, the following decomposition of the chain 
of events leading to potential functionality loss is proposed: 

 Hazard event: it represents the hazard type that is susceptible to induce external 
loadings to the studied SSC. 

 Intensity measure: it represents quantifiable measures of the considered hazard type, 
i.e. the input variables of the fragility model. As seen in the case of earthquakes, a 
single hazard may generate multiple IMs. 

 Physical failure mode: it represents the damage mechanisms of the SSC, which can 
be evaluated through a set of physical variables (i.e., engineering demand parameter). 
These failure modes may vary according to the hazard type considered, so that each 
failure mode is linked to one or several specific IMs. 

 SSC functionality state: it represents the outcome of the fragility model, which should 
be able to predict whether the SSC will be able to perform its intended function or not. 
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Several physical modes of a given SSC may be combined in order to assess its 
functionality. 

Following this decomposition, five main cases for fragility assessment are identified (see Fig. 
20), depending on the complexity of the application. It is believed that these five cases are 
able to cover most of the multi-hazard cases, although cases #4 and #5 may be further refined 
into several sub-cases (e.g., distinction between correlated, cascading or independent 
hazards). 

 

 

Fig. 20: Decomposition of possible cases to consider within the multi-hazard fragility framework. The black arrows 
represent dependencies and the red dashed lines represent possible correlations between events. 
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Case #5 pertains only to sequential hazard events (i.e., occurrence of H1, followed by H2 in a 
given time window), which may be decomposed into a temporal sequence, where successive 
loadings are applied at different time scales. In the case where the SSC is subjected to exactly 
co-occurring physical loadings, then the related IMs are induced by the same source event 
(e.g., flood hazard generating both inundation due to water depth and lateral loading due to 
flow velocity; seismic hazard at the origin of both wave propagation and soil deformation 
effects). Therefore, it may be summarised that case #4 includes hazards with co-occurring 
loadings (possible representation by joint cumulative distribution functions), while case #5 is 
devoted to sequential hazards that induce separate loadings (possible representation by DS-
dependent fragility functions). 

The five cases are further detailed in Table 11, where typical examples of applications are 
provided for each one of them.  

 

Table 11: Description of the four cases identified for the multi-hazard fragility modelling of SSCs. 

Case Description Modelling tools Examples 

#1 Standard single-IM case, with a 
simple IM-EDP relationship. 

- Statistical methods in Section 
3.3 

- Seismic fragility with PGA 
(Zentner et al., 2017); 

- Tsunami fragility with water 
height (De Risi et al., 2016); 

- Wind fragility with wind speed 
(Chiodi et al., 2011); 

#2 Vector-IM fragility function, 
usually with a correlation 
between the IMs. 

- Multivariate GLM regression or 
MLE (e.g., equations used in 
Sections 4.2 / 4.3) 

- Seismic fragility surfaces (Gehl 
et al., 2013); 

- Tsunami or flooding fragility 
surfaces, with water depth and 
flow velocity as IMs (De Risi et 
al., 2016); 

#3 System fragility function, 
resulting from the assembly of 
single component damage 
events (i.e., combination of 
failure modes). The correlation 
between the occurrences of the 
failure modes, given the IMs, 
should be taken into account. 

- Occurrence of each failure 
mode: same tools as in cases #1 
and #2; 

- Combination of failure modes 
into the SSC functionality state: 
system reliability theory (e.g., 
Kang et al., 2010), BBNs (e.g., 
Gehl & Rohmer, 2018); 

- Seismic fragility of a bridge 
system, using component-
specific fragility functions related 
to different bridge components 
(Li et al., 2014); 

- Flood fragility of a defense 
system (dike), with different 
possible damage mechanisms 
(Huang et al., 2014); 

#4 Multi-hazard fragility functions, 
where multiple loadings are 
applied simultaneously to the 
SSC. Joint pdfs should be 
considered for the fragility 
function construction coming 
from the combination of hazard 
loadings. 

- Multivariate GLM regression or 
MLE (e.g., equations used in 
Sections 4.2 / 4.3); 

- Identification of hazard-specific 
failure modes and assembly of 
hazard-harmonized functionality 
states: same tools as in case #3; 

- Multi-hazard fragility function of 
a bridge system subjected to co-
occurring riverine flood and 
earthquake (Gehl & D’Ayala, 
2016); 

- Multi-hazard fragility function of 
a building due to water ingress 
(rain) and wind loading (Pita et 
al., 2012); 

#5 Damage-state-dependent 
fragility functions where a first 
hazard loading may degrade the 
resistance of the SSC or alter the 
conditions for when a 
subsequent hazard loading is 
applied (i.e., sequence of 
events). The hazards may be 
correlated (i.e., same source 
event, or one hazard event 
triggering another) or 
independent (i.e., occurrence 
within the same time window). 

- Estimation of the “initial-state” 
fragility function: same tools as in 
cases #1, #2, #3 and #4; 

- In the case of numerical 
simulations, models that account 
for the deterioration of materials 
or components are required in 
order to update the fragility w.r.t 
hazard H2, given the damage 
induced by hazard H1 (i.e., multi-
hazard interactions at the level of 
physical failure modes); 

- A set of previously damaged 
SSC models may be generated 

- Damage-state-dependent 
fragility functions for seismic 
mainshock-aftershock 
sequences (Song et al., 2016); 

- Seismic fragility functions of a 
bridge previously damaged by 
scour at the foundations (Alipour 
& Shafei, 2012); 
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(i.e; representing the effects of 
H1), before being subjected to 
loadings related to H2; 

 

Within case #5, when independent hazards events are assumed, Selva (2013) has introduced 
the concept of a persistence time window ΔTp, which is crucial to properly model the effect of 
a second hazard event while the effects of the first event in terms of vulnerability and exposure 
are still present. In the context of NPPs, this time window may correspond to the recovery time 
of damage components or to the mission time, during which some components are designed 
to function in case of external hazard events: these time windows, as well as the probability of 
several hazard events occurring during the time interval, will be defined through joint work with 
the NARSIS work packages in charge of hazard assessment (WP1) and risk integration (WP3). 
This will allow the implementation of a model implementation that properly captures the 
interactions between the various events: the assessment of correlated hazards should take 
into account all the available information (i.e. site-specific, regional, worldwide), as well as the 
model uncertainties. Finally, at the system level it is important to aggregate the fragility 
functions of the single components on account of their intercorrelations, that is the fragility 
curves are being based on the combination of hazards and components. 
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6 Conclusions 

This report has presented a detailed overview of potential fragility derivation methods in the 
case of SSCs within NPPs. The main emphasis of the report consists in the generation of 
vector-based fragility functions (i.e., use of vector-IMs as conditioning variables) and the 
impact of the latter on the identification of the various sources of uncertainties. In the first part 
of the report, which has been mostly focused on fragility assessment related to seismic hazard, 
the outcomes of two practical case studies have led to the following observations: 

 Carefully selected vector-IMs make excellent candidates in terms of IM sufficiency and 
efficiency, when compared to scalar IMs. 

 Vector-valued fragility functions tend to generate less dispersion (i.e., aleatory 
uncertainty due to record-to-record variability) than scalar-IM fragility curves: this 
difference may be interpreted as a partial transfer from the record-to-record variability 
to an epistemic uncertainty component that is related to the description of the seismic 
loading given the hazard at the studied site. 

 The conditional spectrum method for the selection of input ground-motion records 
appears to be compatible with the derivation of vector-based fragility functions, since 
the hazard consistency is maintained throughout the scaling levels: such a framework 
is especially well adapted when considering spectral accelerations at various periods 
as vector-IMs. 

 Although a wide range of statistical tools are available for the quantification and 
propagation of sources of uncertainties, it appears that all the epistemic uncertainties 
usually cannot be adequately covered and accounted for. In most cases, expert 
judgment would be necessary in order to constrain the assumptions and to interpret 
the simulation results. 

The first phase of Task 2.3 has mostly dwelt on fragility functions for seismic hazard, where 
multiple intensity measures may be used to accurately represent a given ground-motion time 
history. What may appear as a specificity of seismic loadings is actually applicable to a wide 
range of other hazard loadings. This is demonstrated by the rationale that has been developed 
in Section 5, where multiple intensity measures and physical failure modes can be combined 
in order to generate fragility models for a wide range of multi-hazard configurations. Provided 
that the required hazard-specific physical models are available, the statistical tools detailed in 
the present report are able to cover most of the multi-hazard cases: 

 Multivariate GLM regression or MLE are to be used for the estimation of fragility 
parameters given a set of conditioning variables. 

 Algorithms and procedures based on the system reliability theory (e.g., Kang et al., 
2010) are able to combine hazard-specific failure modes in order to model the SSC 
functionality states of a given SSC. Either joint probabilistic of failure or damage-state-
dependent fragility functions may be derived from this framework. 

The latter point may require the construction of BBNs at the level of the studied SSC (e.g., 
Gehl & D’Ayala, 2016; Gehl & Rohmer, 2018), which will correspond to the technical sub-
networks that are part of the risk integration task (i.e., Work Package 3). 
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8 Appendix A: Definition of seismic ground-motion parameters 

 

IM abbrevation Definition 

PGA Peak Ground Acceleration 

PGV Peak Ground Velocity 

PGD Peak Ground Displacement 

AI Arias Intensity 

SA(T) Spectral Acceleration at period T 

A95 Level of acceleration that contains 95% of the Arias intensity 

SL75 (95) 
Slope of the Husid plot (cumulative AI over time) between 5% and 75% (and 95%) of the 
total AI 

ARMS 
Root-Mean-Square Acceleration: square-root of the integral of squared acceleration over 
time 

ASI Acceleration Spectral Intensity: integral of SA between two periods (here, 0:1s and 0:5s) 

DCy 
Cyclic Damage parameter: sum of the squared amplitude of all half-cycles, with the 

rainflow counting method 

NCy 
Number of effective Cycles: the same as DCy, except that the half-cycles’ amplitudes are 
normalized by the amplitude of the largest half-cycles in the signal 

RSD75 (95) 
Relative Significant Duration: length of time interval between when AI first exceeds 5% of 
total value and when AI first exceeds 75% (and 95%) of total value 

SI Housner Spectral Intensity 

NED Normalised Energy Density: integral over time of the squared ground velocity 

JMA Japanese Meteorological Agency instrumental intensity 

SMA (SMV) 
Sustained Maximum Acceleration (and Velocity): the third highest value of the absolute 
maximum acceleration (and velocity) 

CAV Cumulative Absolute Velocity: integral over time of the absolute acceleration time-history 

 

 

 

 


