ABSTRACT

BODDA, SARAN SRIKANTH. Risk Informed Validation Framework Using Bayesian
Approach. (Under the direction of Dr. Abhinav Gupta.)

Safety of nuclear plants against external flooding has gained significant attention
following the accident at Fukushima Daiichi nuclear power station. In United States,
Oyster Creek nuclear plant was safely shutdown when high storm surge during
hurricane Sandy caused a potential flooding threat. Subsequently, the nuclear energy
industry experienced a significant activity in Probabilistic Risk Assessment (PRA) for
external flooding. Increasingly, methods of computational fluid dynamics including
advanced simulation codes are being considered to evaluate the sequence of events
during different scenarios of flooding at a plant. One of the key limitations in the use of
advanced codes for external flooding is related to a lack of validation (credibility) of
such simulations. This dissertation develops a formal validation approach that provides
a basis to quantify credibility of risk assessments that are based on advanced simulation
codes. The efficiency of the risk informed validation approach lies in the identification
of critical structures, systems and components (SSCs) that contribute to the
system-level risk using Bayesian statistics. The validation methodology employs a
data-driven approach to quantify the quality of data that is used to evaluate
experimental fragilities for flooding failures. As the fragility assessment of a flooding
scenario suffers from large epistemic uncertainties, the credibility of system-level
validation is expressed using probabilistic distribution and maturity levels. To ensure
that the system-level validation is complete and consistent, an additional validation
metric called consistency index is introduced. The risk informed validation approach is
integrated with USNRC’s Evaluation Model Development and Assessment Process
(EMDAP) framework for a complete and wider applicability of the framework.
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PART 1

Introduction



I.1 Introduction

In recent years, safety of nuclear facilities against external hazards has gained
significant importance. Fukushima Daiichi nuclear disaster occurred due to tsunami
induced flooding [1]. In United States, the South Texas Project nuclear plant was shut
down when floods due to hurricane Harvey threatened the nuclear plant [2]. Several
nuclear power plants (Oyster Creek, Indian Point, Nine Mile Point, and Salem) in the
US were shut down due to flooding from hurricane Sandy [3]. Subsequently, the nuclear
industry has led the development of risk-informed design and decision making
approaches for the safety assessment of nuclear power plants against external flooding
hazard. This requires appropriate characterization of uncertainties in the understanding
of physical phenomenon and in the advanced simulation models that are used to
represent them. This research develops a robust risk informed framework for validation
of advanced simulation codes with a probabilistic criterion for adequate level of

validation.
1.2 Background

Probabilistic risk assessment for external flooding hazard typically involves three
technical elements: (i) probabilistic flood hazard assessment (PFHA), (ii) performance
based flooding fragility curves, and (iii) fault tree/event tree model of the plant
response to an external flooding event [4]. The reliability of fragility curves that are

generated by high-fidelity simulation codes is assessed primarily by validation process.
The formal definition of Verification and Validation (V&V) is [5, 6, 7]:

e Verification — “The process of determining that a computational model accurately



represents the underlying mathematical model and its solution.”
e Validation — “The process of determining the degree to which a model is an accurate
representation of the real world from the perspective of the intended uses of the

model.”

Loosely speaking, verification deals with the problem “are we solving the equations

right”? and validation deals with “are we solving the right equations”? [8].

A validation framework should be able to capture all sources of uncertainty due
to incomplete knowledge and inherent randomness in the performance of the system as
well as in the characterization of the external hazard. The range of applicability of a
computational tool is assessed by the physics and the models it contains. Verification,
Validation, and Uncertainty Quantification (VVUQ) methodology helps to assess the
adequacy of simulation codes in predicting the credibility of risk assessments and the

uncertainty associated with those predictions.

Fields such as computational fluid dynamics and heat transfer, computational
solid mechanics, and computational integrated system thermal fluids behavior have
developed their own set of guidelines for V&V in modeling and simulation. The widely

used frameworks for VVUQ in nuclear power plant safety applications are:

(1) Code Scaling, Applicability, and Uncertainty methodology (CSAU)
In 1996, U.S. Nuclear Regulatory Commission (NRC) approved CSAU methodology
that can be used to identify and estimate uncertainties in a nuclear reactor. Prior to
this time, a deterministic approach with conservative assumptions was employed to
address uncertainties. The CSAU methodology is described by three major elements
as described below [9]:



(2)

e Requirements and Code Capabilities — It includes various components such as
identification of the accident scenario and nuclear power plant to be analyzed,
establishment of phenomena resolution using PIRT process, and specification of
frozen simulation code with complete documentation.

o Assessment and Ranging of Parameters — This element focuses on validation by
establishment of an experimental database which consists of relevant separate
effect tests (SETs) and integral effect tests (IETs). An assessment matrix is
created based on SETs and IETs for all the phenomena identified in element 1.
Scaling effects of the code are determined by performing simulations of different
reduced scale test facilities. Bias and uncertainty are estimated for all the
evaluated quantities.

o Sensitivity and Uncertainty Analysis — The final element performs sensitivity
analysis and UQ by combining the biases and uncertainties due to all the
sources. Response surface method is used to evaluate the effect of uncertainty
from the range of input parameters.

Evaluation Model Development and Assessment Process (EMDAP)

In 2005, USNRC Regulatory Guide 1.203 introduced EMDAP which is a systematic

process to confirm the adequacy of a particular code to analyze transient and accident

behavior that is within the design basis of a nuclear power plant. The key steps

involved in the EMDAP process are listed below [10]:

e Identification of analysis purpose, figures of merit (FOM), mathematical modeling
methods, components, phenomena, and physical processes.

e Hierarchical breakdown of systems, phenomena and process.

e Development of an experimental database comprising of SETs and IETs. Scaling

and applicability analysis of test facilities and models.



(3)

Development of evaluation model (EM) with state-of-the-art modeling tools and
algorithms.

Assessment of EM models adequacy using a two-tier review process (top-down and
bottom-up). The bottom-up approach focuses on the fundamental building blocks
of the code in which closure and correlation models are evaluated by considering
their fidelity to fundamental or SET data, and scalability. The top-down approach
focuses on capabilities and performance of the EM in which field equations and
numeric solutions are evaluated by considering their fidelity to component or IET
data, and scalability.

Characterization of EM bases and uncertainties.

Predictive Capability Maturity Model (PCMM)

Sandia National Laboratories (SNL) developed PCMM to assess the maturity of

modeling and simulation tools for nuclear weapon applications. However, the

elements of PCMM can be applied to broad range of engineering applications.

PCMM is a model which assesses the confidence one should place in computational

tools by evaluating the maturity level of the following six fundamental attributes

[11]:

Representation and geometric fidelity — level of detail specified in physical modeling
of the system (spatial and temporal). Ranging from simple model relying on expert
judgment to CAD modeling of the real system.

Physics and material model fidelity — the degree that models are physics based
and how much they are calibrated. Models typically range from fully empirical to
complete physics based.

Code Verification — correctness of source code and numerical algorithms that are

used in implementing the mathematical models (PDE equations). Ranging from



(4)

(5)

no formal verification testing to rigorous benchmark solutions testing.

e Solution Verification — assessment of numerical solution errors and confidence in
the computational results.  Ranging from no formal assessment to error
estimation of all system response quantities (SRQs) by performing quantitative
error estimation methods.

e Model Validation — assessment of physical accuracy of the computational model
by comparing with experimental measurements, and relevancy of the
experimental conditions. Ranging from no comparison with experimental data to
comparison of computational results with an extensive database of both SET
and [ET experiments.

o Uncertainty quantification and sensitivity analysis — identification of sources of
uncertainty, the effect of uncertainty on computational results, and the
determining the critical parameters that contribute to uncertainty in system
responses. For high maturity levels, aleatory and epistemic uncertainties are
comprehensively treated.

Predictive Capability Maturity Quantification (PCMQ)

CSAU, EMDAP, and PCMM are all expert elicitation methodologies and these

frameworks does not give any guidance on quantification methods for making

decision on reliability of a simulation tool. PCMQ framework addresses this issue
by formalizing the validation process as structured knowledge representation,
information abstraction, multilevel evidence incorporation, which is further
quantified as a decision-making process for nuclear reactor engineering or safety
application [12].
PRA based model validation method using Bayesian network

Kwag et al. [13] proposed a risk consistent approach for validation particularly in



the context of external hazard PRA. This methodology employs a probabilistic
index to quantify the degree of validation within the context of uncertainty. In this
approach, logic trees for system level performance are mapped into a Bayesian
Network (BN) that allows formal propagation of uncertainty at component-level
validation to assess the degree of validation at system-level. It uses Bayesian
inference for identifying the risk-consistent events along a critical path and
evaluates the need for additional validation that may be required. Identification of
critical path from a validation standpoint within a risk-informed framework in this
approach provides a basis for improving the overall validation through
identification of specific events along the critical path. The overall validation can
be improved either by enhancing the simulation models of components along the
critical path or by collecting additional validation data until the adequacy of the
system level validation is satisfied. Application of the framework proposed by
Kwag et al. [13] was illustrated for two case studies related to the performance of

structure, system, or component (SSCs) subjected to earthquake hazard.
1.3 Research Objectives

The primary objective of this research is to develop a framework for system-level
validation based on a risk consistent approach against external flooding hazard. The

key objectives of the proposed research are outlined as follows:

e Formally include the quality of experimental data in a quantitative assessment
through validation uncertainty quantification (VUQ).
e Employ a probabilistic metric to quantify the degree of validation within the context

of uncertainty.



e Identify the critical events which are consistent with both simulation and data-
driven models.

e Assess the maturity of the adequacy of a simulation tool for an intended application.

e Update the evaluation (simulation or data-driven) models to obtain a desirable
acceptance criterion using Bayesian inference.

e Integrate risk informed validation methodology into EMDAP framework for a wider
applicability of the framework.

e [llustrate the effectiveness of the proposed framework to a synthetic example and

a realistic example based on NRC working example.
1.4 Proposed Research
The following tasks are needed to accomplish the objectives mentioned in this research:
I1.4.1 Risk Informed Validation Framework for External Flooding Scenario

In this research, we illustrate the application of performance based risk-informed
validation framework proposed by Kwag et al. [13] to an external flooding event.
However, it is determined that a direct application of this approach to flooding is
restricted due to a lack of relevant data to evaluate experimental fragilities for flooding
failures. Therefore, we take a simple synthetic example to evaluate the applicability of
the proposed framework to validation of flooding PRA scenario and update the
proposed framework as needed. The specific tasks undertaken to conduct this research

are:

e Develop an event tree to represent all possible accident scenarios resulting from an

initiating external flood hazard. Construct required fault trees to obtain the failure



probability of top events in the event tree.

e Develop an assessment base which consists of experimental data at component
level and subsystem level. Grade the quality of available experimental data and
introduce the concept of data-driven fragility.

e Develop performance-based simulation and data-driven fragility curves.

e Develop a mapping algorithm for the transformation of an Event tree into a
Bayesian network. Map the event tree and the corresponding fault trees into the
Bayesian network.

e Propagate fragilities from basic events to intermediate-level events and ultimately
to system-level event through the Bayesian network.

e Identify the critical events based on simulation models or data-driven models.

e Use Overlapping coefficient (OC) as the validation index to quantify the degree of
validation within the context of uncertainty.

e Calculate OC's in component-level using simulation and data-driven fragility curves.

e Evaluate system-level OC and improve it by enhancing the simulation model or

collecting additional experimental/field data for the critical events if required.
1.4.2 Enhancement of Existing Risk Informed Validation Framework

This research enhances the existing risk informed validation methodology presented in
section 1.4.1. The proposed risk-informed validation framework by Kwag et al. [13]
and Bodda et al. [14] have two key limitations: (a) the system-level validation maybe
incomplete if the set of critical events for simulation-based fragility differs from the set
of critical events for data-driven fragility. (b) the methodologies do not represent the
confidence in adequacy of system-level validation in terms of different maturity levels.

In this research, additional attributes and a new set of validation metrics are developed



for a complete and wider applicability of the framework. The specific tasks required to

achieve the objectives of this research is summarized below:

e Identify the critical path that leads to system-level failure by using the concept of
importance measures.

e Introduce the concept of Consistency Index which ensures that the simulation and
data-driven fragilities correspond to the same set of critical events.

e Incorporate and interpret the consistency index in the risk informed validation
framework through various case studies.

e Assess the decision regarding the adequacy of a simulation code for an intended
application using the concept of maturity level.

e Develop an additional attribute Code Adequacy (CA) in terms of Validation Result
(VR) and Data Applicability (DA) attributes for validation assessment.

e Label maturity levels as very low, low, medium, and high (increasing order of value).

e Compare the validation results for two types of validation metric: Overlapping
coefficient and Kullback-Leibler divergence.

e [llustrate the effectiveness of the enhanced methodology for a simple example of

flooding risk assessment.

1.4.3 Assessment of Risk Informed Validation Framework to a Real Life Like

Application — Sunny Day Dam Failure

In this research, we propose to evaluate the applicability of risk informed validation
framework to a more complex flooding scenario that corresponds to real life like
application of sunny day dam failure. This research combines the work presented in

section 1.4.1 and 1.4.2 of this proposal. In addition, such an application would require

10



integration of the proposed risk informed methodology into Evaluation Model
Development and Assessment Process (EMDAP) framework. The specific tasks

undertaken to conduct this research are:

e Integrate risk informed validation methodology into EMDAP framework.

e Develop event tree and the corresponding fault trees for the realistic flooding
scenario of the Sunny Day Dam failure.

e Identify non-physical events that are not sensitive to hydrodynamic and fragility
modeling.

e Handle the non-physical events by treating them as either completely safe or fail.

e [llustrate the integrated framework to the realistic looding scenario.
1.5 Organization

This dissertation primarily consists of five parts. Part I gives an introduction to the
problem being studied followed by a discussion of the objective of the research. The
second Part of the dissertation presents risk informed validation framework for external
flooding scenario. The third Part focuses on the enhancement of existing risk informed
validation framework to assess the system-level validation. In the fourth Part, risk
informed methodology is integrated with EMDAP framework and illustrated for a
realistic flooding scenario. Finally, the fifth Part of this dissertation presents a
summary and conclusions of the work that has been discussed in Part II, Part III, and

Part IV. It also proposes recommendations for future work.
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PART 11

Risk Informed Validation Framework for

External Flooding Scenario
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I1.1 Introduction

In recent years, flooding at nuclear power plants (NPP) has increased emphasis on
considering advanced simulation codes to evaluate the vulnerability of nuclear plants.
Absence of a complete and sufficient verification and validation (V&V) of advanced
simulation codes results in adoption of greater uncertainty by experts in risk informed
evaluations which in turn leads to conservative assumptions. Past experience has shown
that such conservative assumptions in the context of safety assessment for other
external hazards such as seismic have resulted in highly over-designed nuclear power
plant systems and excessively high costs. Therefore, it is quite important that various
uncertainties in this process are appropriately identified and included through formal
uncertainty quantification (UQ). A robust framework for verification and validation is
needed to not only include uncertainties but also to formalize the confidence in

predictions of PRA studies that are based on advanced simulations.

The concept of developing formal strategies for verification, validation, and
uncertainty quantification (VVUQ) is not new in nuclear power plant safety
applications and a few different frameworks already exist. The widely used frameworks
are (i) Code Scaling, Applicability, and Uncertainty methodology [9], (ii) Evaluation
Model Development and Assessment Process [10], (iii) Predictive Capability Maturity
Model [11], and (iv) Predictive Capability Maturity Quantification [12]. Each of these
methodologies have certain specific aspects that are quite powerful and yet none of
them can be directly extended to a risk consistent approach for validation particularly
in the context of flooding PRA. Recently, Kwag et al [13] proposed a

performance-based probabilistic risk assessment (PRA) based approach to VVUQ.

13



In this manuscript, a synthetic flooding scenario is used as case study to allow
a preliminary interrogation of the proposed framework. It is determined that a direct
application of Kwag et al. [13] approach to flooding is restricted due to a lack of relevant
data to evaluate experimental fragilities for flooding failures. As experimental data is
scarce and expensive, modification to the existing framework is needed in order to utilize
the data from existing, somewhat related, and diverse experimental studies for validation
of certain aspects. To be more precise, a modification is needed to formally include the
quality of experimental data in a quantitative assessment through what is often termed
as validation uncertainty quantification (VUQ). Furthermore, the available experimental
data is not directly related to the failure of SSCs for flooding conditions. Instead, the data
typically relates to the various parameters of a hydrodynamic and fluid flow simulations
which is related to fragility assessment only indirectly. In fact, one may use a historically
well-established empirical model based on many years of research and laboratory studies
to determine fluid flow conditions. Consequently, it is proposed to replace “experimental

fragility” in the existing framework by “data-driven fragility.”

In the proposed modification, we incorporate a data-driven approach used by Athe
[12] to grade the quality of data used for generating data-driven fragility curves in terms
of three attributes: Relevance, Scaling, and Data Uncertainty. “Relevance (R)” reflects
the degree of applicability of experimental data from a historic study to a completely
independent application. In many cases, the available data for a flooding analysis is from
scaled laboratory experiments. Therefore, when the same data is used for different but
larger scale applications, “Scaling (S)” of uncertainty needs to be incorporated. “Data
uncertainty (U)” in this context refers to the uncertainty (epistemic) in the measured

data which may exist due to a variety of sources including but not limited to instrument
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errors. The proposed modification grades the R/S/U attributes based on their VUQ

quality and incorporates each of them quantitatively in the data-driven fragility analysis.

Existing framework proposed by Kwag et al. [13] uses a mean fragility curve
that results in a point estimate for the validation index. However, fragility assessment
of a flooding related event suffers from large epistemic uncertainty making a point
estimate for validation index less meaningful. Therefore, we propose a modification to
the existing framework which considers multiple fragility curves using different
confidence levels instead of just the mean fragility curve. Based on these multiple

curves, the validation metric changes from a point estimate to a distribution.

In summary, this manuscript proposes three major modifications to the existing
framework proposed by Kwag et al. [13]. First, a data-driven approach is adopted to
quantify the quality of experimental data used for generating data-driven fragility
curves. Next, the credibility of the overall validation is expressed by using probabilistic
distribution rather than a point estimate. Finally, the framework is extended to a
systems level analysis by considering both the event trees and the corresponding fault
trees.  The framework utilizes the power of Bayesian network for propagating
uncertainties in a system-level model and for predicting confidence in system-level
validation of flooding risk. Bayesian inference is used for updating the validation metric
when additional experiment or simulation data becomes available. The proposed
methodology serves as a vehicle to enable clarity, consistency, and completeness of the

risk informed validation framework for external flooding.
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I1.2 Summary of Risk Informed Validation Framework by Kwag et al. [13]

The existing framework of Kwag et al. [13] employs two key stages that are described

below. The complete framework is illustrated through the flowchart in Figure II.1.

| STAGE 1 Construct Fault Tree (FT)

for system risk analysis.

l

Map FT into Bayesian Network. ]

l

Evaluate system risk and identify
the most critical scenario.

1

Pick out important components
in identified critical path.

(OC) as a validation metric.

1

Calculate OCs in component level ]
using simulation & experimental data. J

ST AGE 2 Introduce overlapping coefficient ]

I

Is mechanistic model to relate
nodes available?

Evaluate fragilities for Intermediate
event and Top event by simulation and
experimental fragilties of components.

Improve simulation
model of components in
identified critical path.

!

Use fragility data to calculate OC.

|

If new data is available in
any levels, update OCs of
all levels based on the data.

NO

Decision
(System OC > Criterion)

System level validation process is done.

Figure II.1: Flowchart of proposed model validation method (Kwag et al. [13])
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Stage 1:

The initial step involves development of a fault tree for the given scenario. The
risk of basic events is calculated by convoluting the hazard curve under consideration

with the corresponding fragility curve using Eq. (II.1).

. / Pia(V) "UZ—Y)‘ i (IL1)

where, A is the hazard intensity measure. H(\) is the hazard curve, representing

annual exceedance frequency for A. Py is the fragility curve which represents the

conditional probability of failure given .

The fault tree is mapped into a Bayesian network in order to account for non-
binary and statistical relationships between events. Then, a system analysis is carried
out to identify the important events along the critical path with respect to the overall
system-level risk. The entire framework is based on the definition of an overlapping
coefficient that is used as the validation index to quantify the degree of validation within

the context of uncertainty.

Definition of Overlapping Coefficient

Overlapping coefficient (OC') is simply defined as the percentage of overlapping
area between two probability density curves (Figure 11.2) and is given by Eq. (I1.2). OC
ranges from 0 to 1. A value of equal to zero represents complete disagreement between
the probabilistic distributions of any quantity as calculated from the simulation and the
experiments. On the contrary, a value of 1 represents a perfect agreement within the

context of uncertainty.
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0C - / min(f1(z), falx))da (11.2)

— Simulation Data - - Experimental Data

Figure 11.2: Overlapping Coefficient

Stage 2:

In Stage 2, Overlapping coefficients are calculated for all the basic events based
on the corresponding simulation and experimental (or data-driven) fragility curves. The
fragility curves are propagated from basic events to intermediate-level events and
ultimately to system-level events through the BN using either mechanistic relationships
or response surfaces between the component-level and upper-level nodes. Then, the
overlapping coefficients are evaluated for all the nodes using the fragility information.

At this stage, if new information becomes available then the OC's are updated.

Finally, the system-level OC' is compared with a pre-defined acceptance criterion

for adequacy check. If the system-level OC doesn’t meet the requirements, the overall
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validation can be improved either by enhancing the simulation models of components
along the critical path or by collecting additional validation data until the adequacy of

the system level validation is satisfied.
I1.3 Consideration of Event Trees in the Proposed Framework

The framework by Kwag et al. [13] was based on using Fault trees for risk assessment
and it did not consider Event tree for representing the event failure against a seismic
hazard. In general, a complete risk assessment requires a combination of fault trees and
event tree that are connected together. Specifically, in a flooding scenario it is important
to evaluate the sequence of events through an event tree and each top event in the event
tree can have its own fault tree. Therefore, in this manuscript we extend the existing

framework to include both the event tree and the corresponding fault trees.

However, in a risk informed validation approach, the use of Event and Fault
trees can have limitations in certain applications such as: (1) statistical correlations
between basic events, (2) non-binary or distributional relationship between intermediate
and basic events, (3) more than one initiating event, (4) little or no experimental data
available for some events, (5) treatment of uncertainty quantification, and (6)
incorporation of additional data. A Bayesian Network based approach has been
successful in addressing these issues through a unified single formulation. The mapping
algorithm for transforming a fault tree into a Bayesian network is described in detail in
Kwag et al. [13, 15| but not for an Event tree. Therefore, we introduce the mapping
algorithm for the transformation of an Event tree into a Bayesian network which is

quite important for a flooding scenario.
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11.3.1 Event tree analysis

Event trees are widely used to analyze accident scenarios in PRA. Event tree analysis
uses a (Boolean) logical modeling technique that shows all possible outcomes arising from
a single accident event by taking into account multiple safeguards or barriers which are
placed as protective features to deal with the accidental event. While the methodology
presented in this manuscript is quite generic and can incorporate dynamic nature of

events, only static event trees are considered for simplicity of illustrating the methodology.

An Event tree starts with an initiating (accident) event, such as an
external/internal hazard. The failure or success consequences (outcomes) of the
initiating event are followed through a series of possible branches or paths. The
frequencies of various possible outcomes are calculated by assigning a conditional
probability of occurrence for each branch and a frequency for the initiating event.
Figure I1.3 shows a generic example of how an event tree can be drawn. The green lines
show the success paths and the red lines show the failure paths. Usually, the failure
probabilities (Pf) of intermediate events are calculated from a fault tree analysis and
the success probabilities (P;) of the events are calculated as: P; = 1 — Py. The overall
(end state) frequency of occurrence of a path is calculated by multiplication rule i.e.
multiplying all the conditional probabilities of events in that specific path with the
frequency of the initiating event. The end state frequency of path A as shown in

Figure I1.3 is given by Eq. (I1.3).

Fy=P(IE.15.25.35.451)
(IL.3)

=F(IE)P (1s|IE) P (2s|1s.IE) P (3s|2s.1s.1FE) P(4s1|3s.25.1s.IF)

20
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[ Success (3s) ]-l_
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Success (2s)
Success (4s2) Fo = FigPisPosPsf Py,
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Failure (2f) Fg = FigPisPay

Failure (1f) ) Fp=Fighy

Initiating Event (IE)

T

Figure I1.3: Generic Event tree

11.3.2 Mapping Algorithm

Accident sequences are first created using an Event tree (ET) due to its simplistic
representation. The transformation of an event tree into a Bayesian network (BN) is

done in three steps [16]:

1. convert branching points or events in ET into nodes in BN.

2. convert branches or paths in ET into corresponding directional arcs between nodes
in BN.

3. convert conditional probabilities in ET into conditional probability tables (CPT)
in BN.

Figure I1.4 shows the compact BN representation of the generic event tree in
Figure I1.3. Even though the network looks similar to an event tree with a single sequence
of events, but all the possible outcomes are represented by the node states in the BN.
Figure I1.5 shows the BN representation of the generic event tree with the total success

and failure probabilities for each top event in the event tree. The CPTs of all the nodes in
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the compact BN are shown in Table II.1. When mapping an Event tree into a Bayesian
network, the initiating event is represented as either occurred (True) or not occurred
(False) rather than frequency due to conditional probability representation of nodes in
a BN. Therefore, the outcome of all the end states is represented by probability. The
frequency of end states can be obtained by simply multiplying the probability with the
frequency of the initiating event. CPT of Event 2 has a third state £1;; in addition
to the states £2;, and E2,¢, which is due to the branch coming out of Event 1 failure
state. Node Event 4 is the last event in the BN, and it contains all the outcomes. An
outcome node can also be created with total sum of failure (True) and success (False)

state probabilities as shown in Figure II.4.

IE Event_1 Event 2 Event 3 Event 4 Outcome
E3_1s 0.060 B4 _1s 0018
T E1_1s [ ] 0300 E2 1l | o450 o £t | 002 T
e2 [l o150 Es_1f[] 0090 E42s|| 0054
| - ) E2_1f[ ] 0.150 E4_2f J] 0.036 0
F 0.000 E1_1f _0.700 E2_1f 0.150 F 0.072
E1f E1_1r E11t 0700

Figure I1.4: Compact Bayesian Network representation of Generic Event tree
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Figure I1.5: Bayesian Network representation of Generic Event tree

Table I1.1: CPTs of all the nodes in the Compact Bayesian network

(a) CPT of IE

States
T (True) Prg
F (False) 1— Pip

(b) CPT of Event 1

States IE=T IE=F
E1l4, P 0
Elyy Py 1

(c) CPT of Event 2

States El=F1y, FEl=FElyy
E2, P, 0
E2q; Py 0
E1lyy 0 1
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Table I1.1: Continued

(d) CPT of Event 3

States E2 = E213 E2 = E21f E2 = Ellf
E315 P3S 0 0
B3, Py 0 0
B2 0 1 0
Fly; 0 0 1

(e) CPT of Event 4

States E3 = E3,, E3=E3; E3=FE2y; E3=FEly,
EAy, Py, 0 0 0
B4y, Py, 0 0 0
Fds, 0 Py, 0 0
Fdy; 0 Py, 0 0
E2y; 0 0 1 0
Ely; 0 0 0 1
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1I.4 Data Applicability in Data-Driven Fragility
11.4.1 Fragility

Fragility curves are essential for assessing the vulnerability of an event, and offer a means
of communicating the probability of damage over a range of potential hazard intensity
measure levels. A fragility assessment requires characterization of failure in terms of a
performance function, Z. The performance function defines the governing limit-state to
evaluate the probabilities of failure. Fragility of systems, structures, and components
(SSCs) is defined as the conditional probability of failure, Pfy , to exceed the defined
performance function at a given measure of intensity parameter A. Some of the commonly
used Intensity measures (IM) are Flood height, Surge height, Peak ground acceleration

(PGA), etc.
Z = Capacity — Demand
(I1.4)
P (Z) = P(Z < 0]

Fragility analysis should account for all possible uncertainties in the SSCs. In the

nuclear safety community, these uncertainties are broadly divided into two types [17, 18]:

1. Aleatory uncertainty — inherent randomness in the system’s performance as well
as in the characterization of external hazard. This uncertainty is often irreducible
and refer to as variability. Some of the sources of aleatory uncertainty are model
parameters having random variability such as geometric dimensions, initial
conditions, boundary conditions, or excitation load.

2. Epistemic uncertainty — uncertainty due to lack of knowledge. This uncertainty is
reducible and is often refer to simply as uncertainty. Some of the sources of

epistemic uncertainty are numerical error, human error, or instrumentation error.
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In practice, it might become blurry to distinguish between randomness and

uncertainty.

The most common form of a fragility function is the log-normal cumulative

distribution function (CDF) [19, 20].

A= 5\EEUEAU

[n ()\* /X) + Ber® L (Q)

i Bav (I1.5)
[n ()\* /&)

Bmean

Pi(ZIA=)\) =9

Pt mean (ZIN=X") =D

~

where, \* corresponds to a particular value of the hazard intensity measure, A. A
is the median capacity of resistance of SSCs against the hazard. epy and ey are
variables representing epistemic and aleatory uncertainties about the median value.
These variables are usually taken to be lognormal with unit median and logarithmic
standard deviations of Sgy and [4y, respectively. @ represents the confidence level in

the estimated median capacity, . Bmean = \ Bru® + Bau® represents the combined

uncertainty. ® is the standard Gaussian cumulative distribution.
11.4.2 Data Applicability

As experimental data is scarce and expensive, data from existing experimental studies
can be utilized in the validation of a simulation even if the experimental setup may not
directly relate to the application of simulation tool in the PRA study. Such utilization
of existing experimental studies in validation would require some modification of the

validation approach as it is important to characterize the quality of experimental data
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used in Validation Uncertainty Quantification (VUQ). In this study, we incorporate a
data-driven approach proposed by Athe [12] to quantify the quality of data used for

generating data-driven fragility curves in terms of three attributes:

a. Relevance (R): Relevance reflects the degree of applicability of experimental data
from an existing database to the current application “based on the preconceived
view of phenomenology /process.”

b. Scaling (S): In many cases, the validation data for a flooding analysis is taken
from scaled laboratory experiments. Therefore, when the same data is used for
different larger scale applications, geometric scaling uncertainty should be
incorporated to assess the similarity between reduced scale experiment and the
full-scale application. Similarly, physics scaling uncertainty captures the degree of
phenomena similarity between the applications. E.g. range of Reynolds number
used in the prototype and full-scale application.

c. Data Uncertainty (U): Data uncertainty refers to the uncertainty (epistemic) in the
measured data which arises due to sources such as instrument errors — accuracy
and precision (resolution) of measuring instruments, data acquisition, and data

processing.

Four grades ranging from 1 to 4 (increasing order of value) are assigned to the
R/S/U attributes based on their VUQ quality as shown in Table I1.2 [21]. The
emphasis in Dinh [21] is on characterizing R/S/U attributes qualitatively that are
subjective, potentially biased, and uncertain. In this paper, we make an attempt to
include the effect of these attributes quantitatively. The different grades that are based
on expert opinion is quantified (Table I1.3) by adopting similar approaches based on

belief theory [12, 22, 23]. Next, the epistemic uncertainty in the data-driven fragility
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analysis for different grade levels is quantified based on the following procedure.

1. For the data-driven fragility, with the perfect knowledge, the probability of failure
is 0.5 at the median capacity. When epistemic uncertainty Sgy is included, the
fragility at median capacity becomes an uncertain variable.

2. If the grade level is high, then there is more confidence in the data. Therefore,
there is very less uncertainty in the available experimental data for the intended
application. This is quantified by varying the median fragility (= 0.5) with a

uniform width of 0.1 ranging from -0.05 to 0.05.

Bhigh = 0.5 + runi f(—0.05,0.05) (IL.6)

where, runif(a,b) generates a uniform random number from the interval (a, b)

3. Similarly, the epistemic uncertainty corresponding to a different grade level is
quantified using step (2) and Table I1.3.

4. Then, the combined uncertainty of R/S/U is characterized by their weighted

average:

Bev = wrPr + wsPs + wuPbu (IL7)

In this study, the weights are considered to be equal for all the three attributes.
5. The new median capacity, M is calculated by incorporating the epistemic

uncertainty due to R/S/U using the following expression:

N = A/ exp(qnorm(Bey) X Bav) (IL.8)

where, gnorm(p) is the Z-score of the p'* quantile of the normal distribution
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6. Figure I1.6 shows the uncertainty variation in data-driven fragility curves for

different grade levels.

Table I1.2: Description of VUQ Quality grade for different Data Applicability
attributes

VUQ Quality — Grade

Attributes
4 3 2 1
Relevance [R] &zcglgh High Medium Low
. Prototypic Adequately . Inadequately
Scaling [S] (full-scale) sealed Medium scalod
. Well- . . Poorly-

U tainty [U Charact d Med

neertainty [U] Characterized aracterze ea Characterized

Table I1.3: Quantification of Maturity level for Data Applicability

Grade Range of Uncertainty,
Very Low (1) [—0.50 0.50]
Low (2) [—0.35 0.35]
Medium (3) [—0.20 0.20]
High (4) [—0.05 0.05]
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Figure I1.6: Family of Data-driven fragility curves corresponding to different maturity
levels of Data Applicability (IM — Intensity Measure)
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I1.5 Modified Risk Informed Validation Framework

As mentioned earlier in this manuscript, a modified framework is needed to enhance the

originally proposed framework by Kwag et al. [13] due to three specific reasons:

1. For a systems level analysis, an event tree is necessary to represent the failure
sequence of events resulting from an initiating flooding hazard. The framework is
extended to include both the event trees and the corresponding fault trees for the
representation of all possible accident scenarios and system-level performance.

2. When data from existing and related studies is utilized to evaluate experimental
fragilities for flooding failures, a formal approach is needed to include quality of
experimental data. The framework is modified to incorporate the quality of
experimental data quantitatively by adopting a data-driven approach.

3. In general, fragility assessment of a flooding related event suffers from large
epistemic uncertainty. Therefore, for credibility of overall validation, probabilistic
distribution of validation metric (overlapping coefficient) is required rather than a

point estimate.

The modified framework employs three key stages that are described below. The

complete framework is illustrated through the flowchart in Figure I1.7.
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STAGE 1 [ Construct Event Tree/Fault Tree (ET/FT) ]

corresponding to an initiating external hazard

l

[ Develop component level simulation fragility curves ]1—

I

Determine Is mechanistic model to relate
response surface higher level nodes available?

Map ET/FT into Bayesian Network (BN)

Evaluate fragilities for Intermediate event and Top
event from simulation fragilties of components

l

Evaluate system risk/fragility and
identify the most critical scenario

l

Pick out important components
in identified critical path

1

Develop Assessment Base
STAGE 2

o Identify experimental data at component and Collect more

e Establish Relevance, Scaling, Uncertainty (R/S/U)

1 Improve simulation
Develop Data-driven Fragility or data-driven models
Curves by including R/S/U i of components in
777777777777777777777777777777777777777777777777777777777777777 ! identified critical path

|
|
|
|
subsystem level ; experimental data
|
|
|
|
|
|
|
|
|

STAGE 3 Introduce overlapping coefficient

(OC) as a validation metric

l

Use fragility data to calculate OC

l

If new data is available in any levels,
update OCs of all levels based on the data

Decision
(System OC > Criterion?)

[ System level validation process is done ]

Figure I1.7: Flowchart of Proposed Framework with Data Applicability
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STAGE 1

e Develop an event tree to represent all possible accident scenarios resulting from an
initiating external flood hazard.

e Construct required fault trees to obtain the failure probability of top events in the
event tree.

e Develop simulation fragility curves for all the basic events. In general, fragility
assessment requires use of a Monte Carlo approach to include uncertainties from
various sources. However, if sufficient knowledge base has been developed then one
can make use of the standard lognormal fragility parameters.

e Develop response surfaces between the basic events and intermediate events
especially if a mechanistic relationship is not directly known.

e Map the event tree and fault trees into a Bayesian network.

e Evaluate system fragility by propagating the simulation fragility information from
basic events through the Bayesian network.

e Identify critical events with respect to system vulnerability.
STAGE 2

e Develop an assessment base which consists of experimental data at component level
and subsystem level.

e Establish Relevance, Scaling, and Data uncertainty (R/S/U) for the available
experimental data using expert judgment.

e Generate data-driven fragility curves by including R/S/U as described in
subsection 11.4.2 Data Applicability.

e Similar to stage 1 process, evaluate system level fragility based on data-driven
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fragility information.

STAGE 3

e Calculate overlapping coefficient based on simulation and data-driven fragility
curves.

e At this stage if new data becomes available, update overlapping coefficients.

DECISION

e Compare system level overlapping coefficient with a predefined acceptance criterion.
e If the adequacy of system level validation is not satisfied collect more experimental

data or improve simulation models of the identified critical events.

I11.6 Illustration of Flooding Case Study

In this section, we illustrate the application of the proposed framework to a synthetic
example of a simplistic flooding scenario. The synthetic example is shown in Figure I1.8
and the scenario begins with an external flooding event caused by a storm surge. The
floodwall protecting the plant can either fail or be overtopped due to the storm surge.
In either case, it leads to flooding at the plant. This is known as Landscape flooding.
When the landscape starts overflowing, the vent at the diesel generator (DG) room can
break and be overtopped. Failure of vent will eventually lead to flooding of the DG room
and failure of the DG. For simplicity, we consider the accident sequence up to the DG
failure. Next, we connect the individually validated events through the PRA informed

validation framework proposed in this study.
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Floodwall

Landscape
Overflow

Vent Overflow

Figure I1.8: Accident sequence layout of Synthetic Example

I1.6.1 Event Tree / Fault Tree Logic

The event tree resulting from this synthetic example is shown in Figure I1.9, and includes

the following top events:

777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777

I

e Protective Plant Protective Onsite |
! Initiating Event Floodwall Landscape Vent AC Power Outcome !
! L venv |

Success (1s) Safe
Initiating Event (IE Success (2s) Safe
Failure (1f) Success (3s) Safe
Failure (2f) Success (4s) Safe
Failure (3f)
Failure (4f) Fail

Figure I1.9: Event Tree logic for the synthetic example

IE — Initiating Event

The initiating event is an external flooding event due to a storm surge and it
has the hazard information. Probabilistic Flood Hazard Assessment (PFHA) provides
the annual frequency of flood hazard over a wide range of intensity measure levels, with
estimates of uncertainty. For a storm surge, the annual rates of exceedance are plotted
against storm surge height. Due to uncertainties in a PFHA model, there are a set of

flood hazard curves with respect to different confidence levels. In this study, we use the
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weighted mean probabilistic storm hazard information from Dababneh and Weglian [24]

shown in Figure I1.10 for the risk calculation. In practice, the PFHA model should be

developed for the site of interest.

o
fe)

Storm Surge Height [m]
o
N

o
N

10° 107t 1072 1072 1074 107 107°
Annual Exceedance Probability

Figure I1.10: Weighted Mean Storm Surge Hazard Curve

Protective Floodwall

The protective floodwall top event is further decomposed using a fault tree to
obtain the failure probability of floodwall as shown in Figure II.11. Bodda [25] presents
a methodology for developing the flooding fragility of a concrete floodwall by accounting

for all the critical failure modes such as rigid body failure and foundation failure.
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Wall Overtopping (from Fragility)
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Overtops Floodwall
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Figure I1.11: Fault Tree of Protective Floodwall event

Plant Landscape

Plant landscape is used to describe the next top event in the event tree. This
event is effective in preventing the flooding inundation (Aandscape) t0 exceed the height of
the vent (Hyepn). The performance function for plant landscape failure is characterized
by following limit state:

Zlandscape = llyent — hlandscape (119>

And the conditional probability of landscape failure given storm surge height is

expressed as:

P;(Landscape|surge height) = P(Zpandscape < 0) (I1.10)

Protective Vent

Protective vent describes the event in which the vent is successful in preventing the
external flood due to landscape overflow to enter the DG room. The vent can break due to

various loads such as wave impact, debris and sediment loads. Fragility analysis is carried
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out for these loads individually and later combined to obtain the failure probability of

vent using a fault tree.

Onsite AC Power

The last top event in the synthetic example is the onsite AC power. This event
is necessary to be maintained until hot shutdown is achieved. For this event, the
performance function characterizes failure as DG failure. Failure occurs when water
level in the DG room, h(t), due to vent overflow exceeds the height of the DG (Hpg).

The performance function for DG failure is characterized by following limit state:
Zpe = Hpg — h(t) (I1.11)

And the conditional probability of DG failure given storm surge height is expressed

as:

P;(DG|surge height) = P(Zpg < 0) (I1.12)
The formulation for calculating water level in the DG room, h(t) is given by:

dh(t) — CdQ(t)theoretical
. 4 (IL.13)
Q(t)theoretical = AVentV =W \V 29AH
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C4 = Discharge Coefficient W = total height of vent opening
Q(t) = Discharge Rate g = acc. due to gravity
Avent = Cross-Sectional Area AH = water height above the vent opening

V = Velocity

The discharge coefficient, C; can exhibit uncertainty leading to change of water
level in the DG room. The coefficient C; can be calculated from experimental measured
data (Reader-Harris and McNaught [26]) which is given by an empirical relationship,
see Eq. (I1.14), as well as formulated using a simulation model, see Eq. (II.15) [27].
The variation of Cy (probability density curves) for the experimental and simulation-
based data is shown in Figure II.13. Now, we can estimate the water levels Ayens, sim and
Nyvent, exp i the DG room based on the simulation model of Cy; and the experimental data
of Cy. The simulation and data-driven (median) fragility curves for the DG failure can

be generated based on hyens, sim and Ayent, exp models, respectively.

1066 0.7
R6D>

Ciexp = 0.5961 + 0.02613* — 0.2163° + 0.000521(

| 190008\ ** 106 \ **
+ 0.0188+0.0063< 0 ﬂ) 153-5(—) + (0.043 4 0.08¢ 71001 — 0.123e 1)

() RBD
| 190008\ %] ¢ , L\
1-0.11 —0.031 |2L, — 0.8 —= :
X 0 (RGD) ]1—64 0.03 5 —0.8 =3 5
] (I1.14)
Cd,sim = aReﬁ (IILS)
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11.6.2 Fragility Estimates and Data Applicability

Development of simulation-based fragility models for the events mentioned in section
I1.6.1 can be either a finite element (FE) or a smoothed-particle hydrodynamic (SPH)
analysis [25, 27, 28, 29, 30]. In this study, the intensity measure for the initiating event
is storm surge height. Therefore, all the fragility models need to be developed based on
the surge height for risk calculation. Moreover, in a PRA informed validation framework
as we propagate fragilities from basic events to intermediate-level events, the intensity
measure must be same for all the events. However, the intensity measure for the flooding
fragility analysis of individual events can be different. For example, the water level in the

DG room depends on the flood elevation over the vent. Similarly, the landscape flooding
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inundation depends on the height of the water over the floodwall which in turn depends
on the surge height. In order to have same intensity measure for all the events, it requires

interaction between different models, software, and domains.

In this study, we assume that the simulation and the data-driven fragility
information for all the top events is directly available. Table I1.4 gives the lognormal
fragility parameters for all the events. In practice, the fragility parameters are
developed based on actual analysis of the site specific plant SSCs. In addition to the
data-driven fragility parameters, we also assume that the grade quality of experimental
data for the top events is available as given in Table IL.5.

Table I1.4: Simulation and Data-driven fragility parameters

Simulation Fragility Data-driven Fragility

TOP EVENT

Median, A (ft.) SD, 84y Median, A (ft.) SD, By
1. Floodwall Failure 1.9 0.20 1.7 0.30
2. Landscape Flooding 2.0 0.20 1.6 0.35
3. Vent Overflow 2.2 0.15 2.3 0.25
4. DG Failure 3.9 0.20 3.1 0.35

41



Table I1.5: Grade quality of Validating events

TOP EVENT Relevance Scaling Uncertainty
1. Floodwall Failure High Medium Medium

2. Landscape Flooding Low Medium High

3. Vent Overflow Medium Low Very Low

4. DG Failure Medium High Very Low

11.6.3 System level Validation
Critical Events — Risk vs Fragility

In this study, the critical events are obtained based on simulation models. The risk
of all the top events is calculated by convoluting the weighted-mean storm hazard curve
(Figure I1.10) with the corresponding median simulation fragility curve (Table I1.4) using
Eq. (II.1). As there is only one failure path in this synthetic example (Figure I1.9), the
risk of the end state event depends on the Vent overflow event due to its maximum
contribution for the system level risk. However, when we propagate fragilities through
the Bayesian network, the end state fragilities are governed by the DG failure event as
shown in Figure I1.14 and the reason is explained as follows. The end state fragility is
simply obtained by multiplying all the top event fragilities. As seen in Figure I1.14, the
simulation fragility of DG failure event starts around a storm surge height of 2.5 ft and
the rest of all events reach a failure probability of 1 around this surge height. Therefore,

when the end state simulation fragility is computed, the DG failure event nullifies the
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effect of all other events. For a PRA informed validation, the system level validation
needs to be evaluated based on fragility estimates rather than risk estimates because the

specific magnitude of intensity measure is unknown for future events.

The same process can be extended to data-driven models and it should yield the
same critical events as the one obtained based on simulation models for the validation
study. In this case, the data-driven end state fragility is dependent on the data-driven

DG failure event.

1.00-
0.75- — Sim.Floodwall
-- Exp.Floodwall
— Sim.Landscape
2 - - Exp.Landscape
>0.50 — Sim.Vent Overflow
i - - Exp.Vent Overflow
— Sim.DG Failure
-- Exp.DG Failure
0.25- -+ Sim.End
-+ Exp.End
0.00-

0 2 4 6 8
Storm Surge Height (ft.)

Figure I1.14: Simulation and Data-driven (median) fragility curves
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Validation Metric — Overlapping Coefficient

In the next step, multiple simulation fragility curves are generated by assuming a
coefficient of variation of 0.1 for the simulation median capacity. Similarly, multiple
data-driven fragility curves are generated by including data applicability as described in
section I1.4.2. Based on these multiple combinations of simulation and data-driven
fragility curves, a histogram of overlapping coefficients is developed for all the top
events as shown in Figure I1.15. The OC for the system level has a mean of 0.59 which
would be unacceptable if an acceptance criterion of 0.75 is adopted. Therefore, the
overall validation has to be improved either by enhancing the simulation model or
collecting additional experimental/field data for the DG failure event until the

adequacy of the system level validation is satisfied.
Additional Data — Updating

In this study, we assume additional field data is collected for the DG failure event due
to a larger uncertainty in the data-driven model compared to its simulation model. The
additional data is given in terms of failure rate as shown in Table I1.6. Based on this new
information, the data-driven fragility curves and the subsequent OCs are updated using
Bayesian inference [31]. The updated histogram of OCs is shown in Figure I1.16. As
seen in this figure, the validation of DG failure event has improved due to the additional
data and thereby improving the overall system level validation. The uncertainty in the
validation metric has also been reduced giving more confidence in the overall validation

and satisfying the desired acceptance criterion.
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Table 11.6: Additional Failure data of DG Failure event

Surge Height (ft.) No. of Failures Total Test Cases

3 5 50
4 28 50
5 45 50
6 49 50
DG Failure End State
15- 10.0-
i 7.5-
10 Updating
5.0- B After
5-
5. Before
0- 0.0-,

0.00 0.25 050 0.75 1.00

0.00 0.25 0.50 0.75 1.00

Overlapping Coefficient

Figure I11.16: OC Histogram of DG Failure and End state (System-level)
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II.7 Summary and Conclusions

This paper presents a novel approach to quantitatively assess the system level
validation by connecting individual validation events through a PRA informed
validation framework. In this methodology, we include uncertainty in both simulation
and data-driven models which gets reflected in the confidence levels of the overall
validation. Event tree and fault trees are constructed for the system level performance,
and they are mapped into a Bayesian network that allows propagation of fragility
information from component level to system level. The uncertainty in the experimental
data is represented in terms of three attributes: Relevance, Scaling, and Data
Uncertainty.  These attributes are graded based on their VUQ quality and are
incorporated in the data-driven fragility analysis. In this study, the system level
validation and the identification of critical events are evaluated based on fragility
estimates. To improve the overall validation, we either enhance the simulation models
of events along the critical path or collect additional field data until the adequacy of the
system level validation is satisfied. This process helps in allocating the resources
efficiently thereby reducing the effort to conduct high fidelity simulations and
large-scale experiments. The proposed framework based on risk informed approach for
system-level validation can be adopted by advanced flooding simulation codes such as
Neutrino. The credibility of the Neutrino code for the intended application can be

quantified similar to the synthetic example described in this manuscript.

The key conclusions of this study are summarized as follows:

e The quality of experimental data used in the validation study is quantified and

incorporated in the data-driven fragility curves.
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The basic events that are critical in the perspective of system level validation are
identified.

Multiple fragility curves are evaluated using different confidence levels instead of
just the mean fragility curves.

The credibility of the overall validation is estimated which gives confidence in the
decision making.

The robustness of the modified framework is illustrated by enabling clarity,
consistency, and completeness for a synthetic example of a simplistic flooding

scenario.
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PART II1

Enhancement of Existing Risk Informed Validation

Framework
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I11.1 Introduction

In recent years, USNRC [32] and TAEA [33] have developed methodologies to assess the
vulnerabilities of nuclear plants against site specific extreme hazards following the
Fukushima-Daiichi nuclear accident. In many cases, advanced simulation tools are
being considered to simulate multi-hazard, multi-physics, multi-scale phenomena and to
evaluate vulnerability of nuclear facilities [13, 14, 15, 25, 27, 28, 30]. A knowledge
about the accuracy of simulation codes is essential so that they may be used with
confidence for decision making. The credibility of advanced simulation tools is assessed
based on a formal verification, validation, and uncertainty quantification procedure.
One of the key limitations in validation is the lack of relevant experimental data at
system and sub-system levels. This limitation leads to decrease in confidence in the
prediction of system-level risk and excessive reliance on expert opinion. Therefore, a
robust validation framework is needed to formalize the confidence in predictive
capability of advanced simulation results particularly in the context of uncertainties

from various different sources.

Probabilistic risk assessment (PRA) has been widely used to examine the risk
posed by nuclear facilities and to identify the key components that have the most
impact on safety [34]. PRA is a powerful tool due to its rigorous and systematic
analysis, identification of major sources of uncertainty, provision for formal sensitivity
analysis, and consideration of qualitative and quantitative decision-making measures. A
traditional PRA approach has its limitations in the use of fault trees and event trees in
certain applications such as: (a) non-binary or statistical relationship between

intermediate and basic events, and (b) statistical correlations between basic events.
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However, these limitations can be addressed by implementing Bayesian network
representation of PRA [13, 14, 15]. Only a few structures, systems and components
(SSCs) at a nuclear plant are critical from a perspective of system-level safety or
performance. Therefore, a validation framework that is based on a PRA informed
approach is quite powerful by identifying the critical SSCs for wvalidation and
formalizing the confidence in prediction of system-level validation that are based on

component level data.

Experts in the areas of computational solid mechanics, computational fluid
dynamics and heat transfer, and computational integrated system thermal fluids
behavior have developed formal guidelines for verification and validation (V&V) in
modeling and simulation. The widely used frameworks for verification, validation, and
uncertainty quantification (VVUQ) in nuclear power plant safety applications are (i)
Code Scaling, Applicability, and Uncertainty methodology (CSAU) [9] (ii) Evaluation
Model Development and Assessment Process (EMDAP) [10] (iii) Predictive Capability
Maturity Model (PCMM) [11], and (iv) Predictive Capability Maturity Quantification
(PCMQ) [12]. CSAU, EMDAP, and PCMM are all expert elicitation methodologies and
these frameworks do not give any guidance on quantification methods for making
decision on reliability of a simulation tool. PCMQ framework [12] addresses this issue
by formalizing the validation process as structured knowledge representation,
information abstraction, and multilevel evidence incorporation, which is further
quantified as a decision-making process for nuclear reactor engineering or safety
application. Each of these methodologies (CSAU, EMDAP, PCMM, and PCMQ) have
certain specific aspects that are quite powerful and yet none of them can be directly

extended to a risk consistent approach for validation particularly in the context of PRA
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for external hazards.

Recently, Kwag et al. [13] and Bodda et al. [14] proposed a PRA informed
methodology for system-level validation within the context of uncertainty. In these
methodologies, a Bayesian approach is used to assess the credibility of system-level
estimates. Kwag et al. [13] used a seismic case study and Bodda et al. [14] a flooding
case study to illustrate the application of the methodology. In these studies, the
validation process is performed by creating a Bayesian network model to represent the
system-level failure against an external hazard. Then, simulation based fragilities and
data-driven fragilities (from experimental or high fidelity simulation data) are
propagated in the Bayesian network model separately to evaluate the system-level
fragility. The adequacy of the system-level validation is evaluated by comparing its
simulation based and data-driven fragilities using a validation metric which is defined in
terms of an overlapping coefficient. The validation process is carried out until the
adequacy of system-level validation is satisfied against an acceptance criterion.
However, the proposed risk-informed validation framework by [13] and Bodda et al. [14]

have two key limitations:

(1) In the validation framework, the system-level fragility is obtained by propagating
fragilities from basic events. Then, the validation metric is computed by comparing
the simulation and data-driven fragilities. However, the system-level validation
may actually give incorrect results if the set of critical events for simulation-based
fragility differs from the set of critical events for data-driven fragility.

(2) The methodologies cannot evaluate the confidence in adequacy of system-level

validation based on different maturity levels of the data used.
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In this manuscript, we propose major enhancements to the existing framework
for the assessment of decision regarding the adequacy of advanced simulation tools for
system-level validation. Improvement in the PRA informed validation methodology
requires development of additional attributes and a new set of validation metrics for a
complete and wider applicability of the framework. The advantage of the proposed
enhancements are illustrated in the context of the same examples as those used by

Kwag et al. [13] in order to clearly delineate the proposed enhancements.

II1.2 Summary of existing Risk Informed Validation framework by Kwag et
al. [13] and Bodda et al. [14]

The existing framework of Kwag et al. [13] and Bodda et al. [14] employs three key stages
that are described below. The complete framework is illustrated through the flowchart

shown in Figure III.1.
Stage 1:

The initial step involves development of an event tree and the required fault
trees to represent accident scenarios resulting from an initiating external hazard. Then,
simulation based fragility curves for all the basic events are developed. Next, the event
tree and the corresponding fault trees are mapped into a Bayesian network. The
system-level and intermediate-level simulation based fragilities are obtained by

propagating fragilities from basic events through the Bayesian network.
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corresponding to an initiating external hazard

STAGE 1 [ Construct Event Tree/Fault Tree (ET/FT)

l

[ Develop component level simulation fragility curves

I

Determine Is mechanistic model to relate
response surface higher level nodes available?

Map ET/FT into Bayesian Network (BN)

l

Evaluate fragilities for Intermediate event and Top
event from simulation fragilties of components

l

Evaluate system risk/fragility and
identify the most critical scenario

l

Pick out important components
in identified critical path

Develop Assessment Base
STAGE 2

o Identify experimental data at component and
subsystem level

e Establish Relevance, Scaling, Uncertainty (R/S/U)

1

Develop Data-driven Fragility
Curves by including R/S/U

Collect more
experimental data

STAGE 3 Introduce overlapping coefficient

(OC) as a validation metric

l

Use fragility data to calculate OC

l

If new data is available in any levels,
update OCs of all levels based on the data

Decision

Improve simulation
or data-driven models
of components in
identified critical path

(System OC > Criterion?)

[ System level validation process is done

)

Figure I11.1: Flowchart of risk informed validation framework [14]
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Stage 2:

In Stage 2, an assessment base is developed which consists of experimental data at
component and subsystem level. Next, a data-driven approach is adopted to quantify the
quality of experimental data used for generating data-driven fragility curves. Similar to
stage 1, system-level data-driven fragility curve is obtained by propagating data-driven

fragilities from basic events through the Bayesian network.
Stage 3 and Decision:

In this framework, overlapping coefficient (OC') is used as the validation index to
quantify the degree of validation within the context of uncertainty. OC' is calculated by
evaluating the percentage of overlapping area between two probability density curves and
is given by Eq. (III.1). Numerically, OC' ranges between 0 and 1. If OC = 0, then the
distributions do not overlap with each other thereby indicating a complete disagreement
and if OC' = 1, then the distributions are identical thereby indicating a perfect validation

within the context of uncertainty.

0C = / 030 (9), Fuon(4)) g (IL1)

For each event, based on the simulation and data-driven fragility curves, OC
is calculated. Finally, the system-level OC' is compared with a predefined acceptance

criterion for validation.
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II1.2.1 Information needed to implement Risk Informed Validation

Framework for an external hazard scenario

The specific information required to carry out the validation of advanced simulation codes

using the proposed validation framework is listed below:

e Develop event tree and its corresponding fault trees for the given external hazard
scenario.

e For all the basic events or components, develop fragilities based on both
simulation models and experimental or data-driven models. Establish the grade
levels for Relevance, Scaling, and Data Uncertainty (R/S/U) for the available
experimental data. The fragilities for each event can be developed based on
individual simulation codes or an unified simulation code such as Neutrino can be
used to evaluate fragilities for all the events at once.

However, in the initial development of risk informed validation methodology,
it is possible that the experimental fragilities might not be available for some events
or all the events. This is similar to initial implementation of PRA in 1970s when
there was not much information available on fragilities of components. The initial
implementation of PRA relied significantly on expert opinion. Similar expert-based
knowledge can be used for the initial implementation of the proposed risk informed
methodology. The framework can be used to determine which specific information
is more critical and then as more information becomes available either through high
fidelity simulations or experiments, the complete validation process can be refined.

e Identify the critical events using the concept of importance measures as described

in section III.3.
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e If the data-driven fragilities are not available for the non-critical events, then it is
assumed that the data-driven fragilities are same as the simulation-based fragilities.

e For comparing the accuracy between simulation fragilities and data-driven
fragilities, select overlapping coefficient (OC') as the validation metric. Additional
validation metrics such as KL Divergence, Mutual Information, and Bayes Factor
can also be selected.

e Represent the adequacy of the code for the intended application in terms of maturity
levels as described in section III.6.

e Define acceptance criterion for system-level validation using expert judgment.
II1.3 Critical Path in a Bayesian Network

Typically, only a few components or events are critical for the system-level failure in a
nuclear power plant. Therefore, it is necessary to identify the events along the critical
path that leads to a system-level failure. For identifying critical events in a logic tree,
we can use the concept of importance measures. The importance measure of a basic
event provides information about its impact on the system. There are different types of
importance measures such as Fussell-Vesely (FV) Importance, Risk Reduction
Ratio/Interval, Risk Increase Ratio/Interval, Criticality, and Birnbaum Importance
that are used in decision-making process [35, 36, 37, 38]. FV importance provides
information about the relative degree to which the basic event is contributing to the

system failure probability. The F'V; for an event i is defined as:

P
FV; = 111.2
Py (IL.2)
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where P; is the failure probability from all minimal cut sets which contains basic

event 7 and Py, is the system failure probability.

Traditionally, the importance measures are evaluated only for fault tree analysis.
As mentioned earlier, due to limitations of fault tree analysis, Bayesian networks are
used in the risk informed decision making. Therefore, we extend the concept of
importance measures to a Bayesian network. In this study, Fussell-Vesely (FV)
Importance is employed for identifying the critical path because the FV importance
provides relative importance of all the nodes in the Bayesian network whereas other

importance measures provide information only about the basic events or root nodes

(39, 40].

The extended definition [39, 40] of FV importance for any node (z;) in a Bayesian
network can be obtained by evaluating the posterior failure probability of the node given

that the system (¢) is failed, P(z; = 1|¢ = 1).

FV(z;) = Pla; = 1]¢ = 1) (I11.3)

I11.3.1 TIllustrative Case Study: Seismic Risk of Failure in Building-Piping

System

Figure III1.2 shows the fault tree for Building-Piping system failure subjected to seismic
hazard [13]. The system comprises of a building structure, safety related equipment such
as pump which is necessary to circulate the coolant, the piping system for circulating
the coolant and pipe supports connecting the piping to the building. For simplicity

and consistency with the current practice, we assume the fragility of all basic events to
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follow lognormal distribution. The lognormal fragility parameters of all the basic events
are shown in Table III.1 and the intensity measure is taken as peak ground acceleration
(PGA). The fault tree is mapped into a Bayesian network using a mapping algorithm [15]
and the corresponding mapped Bayesian network is shown in Figure II[.3. The critical
path is obtained for different values of intensity measures as the failure probability of an
event depends on the intensity measure. The FV importance measure for all the events
(nodes) in the Bayesian network is computed using Eq. (II1.3) for various intensity
measures of 0.5g, 1.5g, 2.5g, and 3.5g (Table II1.2) The critical path is identified based
on a top-down approach and utilizing the FV importance measures. The required steps

for obtaining the critical path are described below:

e Start with the top node (TF) in the Bayesian network and identify its parent nodes,
Pa(TE) = 1E1, IE2.

e Compare the FV importance measures for all the parent nodes and obtain the
parent node with largest value. (IE1 = 0.999, [E2 = 0.056)

e Next, identify the parent nodes of node IFI and similarly, obtain the parent node
with largest value. (E1 = 0.997, E2 = 0.122)

e Repeat the process until the root node (basic events) is reached.

The critical path and the corresponding critical events for the Building-Piping

system failure is graphically illustrated by solid line in Figure III.3.
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Figure I11.2: Fault tree for Building-Piping System Failure

System Failure

Loss of Loss of
Circulation Coolant
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drift of Bldg. equip. failure of piping joint of piping

Figure II1.3: Bayesian Network for Building-Piping System Failure
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Table III.1: Lognormal Fragility parameters of basic events

Log Standard

BASIC EVENT Median, ) (g)
Deviation, B4¢
E1. Excessive story drift of Building 0.75 0.35
E2. Safety-related equipment failure 1.9 0.25
E3. Support failure of piping 2.5 0.29
E4. Leakage at joint of piping 1.2 0.33

Table II1.2: Fussell-Vesely Importance measure for Building-Piping System Failure

Event 0.5g 1.5g 2.5g 3.5g

El 1 0.997 1 1
E2 0 0.122 0.913 0.998
E3 0 0.077 0.506 0.833
E4 0 0.810 0.999 1
IE1 1 0.999 1 1
IE2 0 0.056 0.500 0.835
TE 1 1 1 1
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II1.4 Validation Path in a Bayesian Network

In the risk informed validation framework given by Bodda et al. [14], simulation and
data-driven fragility curves for all the basic events in the fault tree and event tree are
developed. Next, the fault trees and the corresponding event tree are mapped into
a Bayesian network. The system-level fragilities are obtained by propagating fragilities
from basic events through the Bayesian network. Based on the simulation and data-driven
fragility curves, overlapping coefficient (OC') can be calculated for all the events. Then,
the system-level OC' is compared with a predefined acceptance criterion for validation.
However, the validation may not be complete or consistent if the set of critical events for
system-level simulation fragility differs from the corresponding set of critical events for
system-level data-driven fragility. Therefore, in addition to OC', we employ Consistency
Index (0) in the validation metric in order to ensure that simulation and data-driven

fragilities correspond to the same set of critical events.
I11.4.1 Explanation of Consistency Index ()

In Figure I11.4, the Bayesian networks represent the simulation (left) and the data-driven
(right) models for the Building-Piping system failure, respectively. The fragilities of the
basic events are propagated in both these models separately and the critical path is
identified as describe in section III.3. If the critical path is same in both the models
(Figure I11.4), then § = 1. If the critical path is different in both the models as shown
in Figure II1.5, then 6 = 0. When the critical paths are different, the simulation model
predicts the “Loss of Circulation” event as the critical event for the system failure whereas
the data-driven model predicts the “Loss of Coolant” event as the critical event for the

system failure. This shows there is inconsistency between the models, therefore the
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consistency index, § = 0.

Simulation Model Data-driven Model
@ System Failure @ System Failure
Loss of Loss of Loss of Loss of
Circulation Coolant Circulation Coolant
Excessive story  Safety-related Support failure Leakage at Excessive story  Safety-related Support failure Leakage at
drift of Bldg. equip. failure of piping joint of piping drift of Bldg. equip. failure of piping joint of piping

Figure II1.4: Consistency Index, § = 1

org =0
Simulation Model Data-driven Model
System Failure @ System Failure
Loss of Loss of Loss of Loss of
Circulation Coolant Circulation Coolant
Excessive story  Safety-related Support failure Leakage at Excessive story  Safety-related Support failure Leakage at
drift of Bldg. equip. failure of piping joint of piping drift of Bldg. equip. failure of piping joint of piping

Figure II1.5: Consistency Index, § =0
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II1.5 Interpretation of Consistency Index

In this section, we illustrate the incorporation and interpretation of consistency index in
the risk informed validation framework through the three cases described below. For all
these cases, we consider the same Bayesian network for the building piping system failure
as shown in Figure II1.3 but with different lognormal fragility parameters for the basic

events.
Case 1:

In Figure II1.6, the basic events and are related to “Loss of Circulation” (IET1)
event by OR logic. We obtain fragilities for IE1 event by propagating fragilities of basic
events F'1 and E2. The critical events for both /E1 simulation fragility and data-driven
fragility come from the same event E1. Therefore, the consistency index is equal to 1
for event IF1. Then, we compute fragilities for event [E2 which is connected to basic
events £'3 and F4 by AND logic. The consistency index is equal to 1 for event IE2 as the
critical event for both the models comes from the same event F3. Similarly, the “Top”
event fragilities are computed from intermediate events (IE1, IE2) and the critical event
is “Loss of Circulation” for both the models, making 6 = 1. As all the events on the
critical path are consistent, we have confidence in the estimated overlapping coefficient

of Top event which is shown in Table II1.4.
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Table II1.3:  Simulation and Data-driven fragility parameters (Case 1)

Simulation Fragility
BASIC EVENT

Data-driven Fragility

Median, \ (g) SD, fay Median, A (g) SD, fav

E1l. Excessive story 0.75 0.30
drift of Building

E2. Safety-related 1.9 0.20
equipment failure

E3. Support failure 2.5 0.35
of piping

E4. Leakage at 1.2 0.25

joint of piping

0.55 0.35
1.7 0.25
2.2 0.29
1.0 0.33

Table I11.4:  Overlapping Coefficient of all the events (Case 1)

Event OC Event OC
E1l 0.65 IE1 0.65
E2 0.76 1E2 0.81
E3 0.80 TE 0.65
F4 0.73
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Case 2:

In this case, the lognormal fragility parameters for the basic events are given in
Table III.5. The consistency index for “Loss of Circulation” event is equal to 1 which
is same as Case 1. But for “Loss of Coolant” event, the consistency index is equal to
0 as the simulation fragility of IE2 comes from event F4 and the data-driven fragility
of IE2 comes from event E3 as shown in Figure II1.7. This is because the event [E2
is connected to basic events F3 and E4 by AND logic. Therefore, the fragility of event
IE2 is obtained by multiplying the fragilities of basic events E3 and F4. As seen in
Figure II1.7 (left), the simulation fragility of event IE2 is governed by the simulation

fragility of event F4. Similarly, the data-driven fragility of event IE2 is governed by the

data-driven fragility of event E3 as shown in Figure II1.7 (right).
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Figure I11.7: Consistency Index for Loss of Coolant Event (6;z2 = 0, Case 2)

Next, we calculate the consistency index for “Top” event which is equal to 1 as
the critical event for both the simulation and data-driven models is “Loss of circulation”

event. In this case, we still have confidence in the estimated validation metric of “Top”

event as all the events on the critical path are consistent (drop = 011 = dp1 = 1) as

shown in Figure IIL.8.
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Table II1.5:  Simulation and Data-driven fragility parameters (Case 2)

Simulation Fragility Data-driven Fragility
BASIC EVENT

Median, \ (g) SD, fay Median, A (g) SD, fav

E1l. Excessive story 0.75 0.30 0.55 0.35
drift of Building

E2. Safety-related 1.9 0.20 1.7 0.25
equipment failure

E3. Support failure 1.5 0.35 2.2 0.29
of piping

E4. Leakage at 2.2 0.25 1.0 0.33

joint of piping

Case 3:

The lognormal fragility parameters for the basic events are given in Table I11.6.
In this case, the consistency index for the “Top” event is equal to 1. However, the
consistency index for one of the events which lie on the critical path is equal to 0 (see
Figure II1.9). Therefore, in this case we do not have confidence in the estimated OC
for overall validation even though the consistency index for “Top” event is equal to 1.
In a risk informed validation framework, all the events on the critical path have to be
consistent for obtaining an accurate estimate of overlapping coefficient for the system-
level failure. Therefore, in order to make the “Loss of Circulation” event as consistent,
we either enhance the simulation model or collect additional experimental/field data for

events K1, £2 as “Loss of Circulation” event depends on E'1, E2.

Next, we assume additional simulation data is collected for events E1, E2 due
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to larger uncertainty in the simulation models compared to its data-driven models. The
additional data is given in terms of failure rate as shown in III.7. Based on this new
information, the fragility curves of basic events E1, E2 and the subsequent “Loss of
Circulation” event are updated using Bayesian Inference (Bodda et al., 2019). As seen
in Figure II1.10, the consistency index of “Loss of Circulation” event has changed to 1

and therefore, the obtained OC' for system-level is consistent.

Table II1.6: Simulation and Data-driven fragility parameters (Case 3)

Simulation Fragility Data-driven Fragility
BASIC EVENT

Median, \ (g) SD, fay Median, A (g) SD, fav

E1. Excessive story 1.75 0.30 0.65 0.35
drift of Building

E2. Safety-related 0.9 0.20 1.7 0.25
equipment failure

E3. Support failure 2.5 0.35 2.2 0.29
of piping

E4. Leakage at 1.2 0.25 1.0 0.33

joint of piping
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Table II1.7: Additional Failure data of events E1 and E2

(a) F1

Intensity measure (g) No. of Failures Total Test Cases

0.3 12 30
1.0 24 30
(b) E2

Intensity measure (g) No. of Failures Total Test Cases

1.5 9 30

2.0 21 30
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II1.6 Code Applicability

Maturity levels provide a quantitative assessment to predict the accuracy for all
important quantities of interest (Qol) under large uncertainties. Existing validation
frameworks such as Predictive Capability Maturity Model (PCMM) [11] and Predictive
Capability Maturity Quantification (PCMQ) [12] express the degree of validation on
the basis of four increasing levels of maturity. The maturity levels are labeled as very
low (1), low (2), medium (3), and high (4). The proposed risk informed validation
methodology by Kwag et al. [13] and Bodda et al. [14] do not represent the confidence
in adequacy of system-level validation in terms of different maturity levels. Therefore,
in this study we enhance the existing risk informed validation framework by
incorporating the concept of maturity levels from PCMQ. Then, the assessment of
decision regarding the adequacy of a simulation code for an intended application is

represented by maturity level. In the risk informed validation framework, we first
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evaluate the code adequacy for the system-level failure event. If the system-level code
adequacy does not meet the desired acceptance criterion, then we look at the code
adequacy of those events with high importance measures. Also, if multiple simulation

codes are used, the code adequacy for each code can be evaluated.

Similar to Lin’s [27] and Athe’s [12] studies, the adequacy of code in the
proposed risk informed framework depends on two attributes: Validation Result and
Data Applicability. These attributes are connected to each other using a Bayesian

network as shown in Figure II1.11 and the attributes are described below.

Code
Adequacy

A

Validation
Result

/N

Simulation Data-driven

Fragility Fragility

T

Data
Applicability

L

Relevance Scaling

uncertainty
Figure I11.11: Bayesian network for Code Adequacy

e Data Applicability: It represents the epistemic uncertainty in the experimental

data which is used for generating experimental or data-driven fragility curve. The
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quality of experimental data is given in terms of three sub-attributes: Relevance,
Scaling, and Data Uncertainty (R/S/U). Relevance reflects the degree of
applicability of experimental data from a historic or an independent study to the
current application. Scaling uncertainty incorporates both geometric and physics
scaling uncertainties. Data uncertainty reflects the uncertainty in the measured
data. Four grades ranging from 1 to 4 (increasing order of value) are assigned to
the R/S/U attributes based on their VUQ quality as shown in Table II1.8 [21].
Bodda et al. [14] quantifies R/S/U sub-attributes using a data-driven approach

and incorporates the attributes in data-driven fragility curves.

Table II1.8: Description of VUQ Quality grade for different Data Applicability
attributes

VUQ Quality — Grade

Attributes
4 3 2 1
Relevance [R] ?/(viei?efzcglgh High Medium Low
. Prototypic Adequately . Inadequately
Scaling [S] (Full-scale) sealed Medium sealed
Well- Characterized Medium Poorly-

Uncertainty [U
y [U] Characterized Characterized

e Validation Result: It gives the accuracy of the simulation model compared to
experimental model. Different types of validation metric can be adopted for
evaluating the validation result [41]. In this study, we use two type of validation
metric for comparing the probability density function (PDF) responses between
simulation (Pgy,(y)) and experiment (P.,,(y)) data: Overlapping Coefficient
(OC) and Kullback-Leibler (K L) Divergence. OC' is calculated by evaluating the

percentage of overlapping area between two probability density curves and is

75



given by Eq (IIL.1).

K L divergence is a metric developed from information theory. It is based on
the concept of entropy and is defined as a quantitative measure of uncertainty in a
random variable. KL divergence of P,,,(y) from P, (y), denoted Dy p,(Pyim|| Pep)
and given by Eq (III.4), is a measure of the information lost by assuming that the
distribution is P..,(y) when the true distribution is Pj;,(y). KL divergence is an
asymmetric measure of the difference between two PDFs, i.e. Dy (Prsiml||Peap) 7
D r(Peap|| Psim)-

Numerically, Dgr,(Prsim||Pezp) > 0 and Dk (Pyim||Pesp) = 0 if and only if
Psim = Pezp.

D (PsimHPex ) = / Pszm(y) In dy (1114)
o ? —0c0 Pe:vp(y)

In this study, we use a standardized symmetrize measure of K L divergence
called J-divergence [12, 42] (see Eq. (IIL.5)), so that it can be compared with

standardized measure of OC.

J — 67)‘><(DKL(PsimHPezp)JFDKL(PeszPSim)) (IIIS)

where, A > 0. If J = 0, then there is no similarity between two PDFs and
if J =1, then the distributions are similar.
Code Adequacy: Based on the validation result, code applicability evaluates the
maturity of the simulation tool. The histogram of the validation metric is divided
into 4 regions based on the maturity range given in Table II1.9 and the percentage

of the area in each region is computed.
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Table II1.9: Maturity levels for Code Adequacy

% of Area in Histogram
Maturity Level

of Validation metric

Very Low (VL) 0.0 0.1)
Low (L) 0.1 0.4)
Medium (M) 0.4 0.7)
High (H) 0.7 1.0]

II1.7 TIllustrative Application Example for Code Applicability

In this section, we present a simple example of flooding risk assessment that illustrates
the application of risk informed validation framework for assessment of adequacy of the
simulation code. The synthetic example considered in this study is failure of diesel
generator (DG) due to an external flooding event caused by a storm surge [14]. A failure
of the DG occurs when the water level in the DG room due to vent overflow exceeds
the height of the DG as shown in Figure II1.12. In this study, we assume the fragility
information for simulation model and data-driven model is directly available. Next, the
code adequacy is evaluated by establishing data applicability and validation result for

the given scenario.
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DG Room

Figure I11.12: Diesel generator failure

Data Applicability: In this study, we assume two cases for maturity levels of R/S/U
sub-attributes: (1) all the sub-attributes have high maturity, and (2) all the
sub-attributes have very low maturity. High maturity corresponds to an experimental
setup that is directly relevant to the given scenario, the setup is completely scaled, and
the data is well characterized. Similarly, very low maturity indicates that the
experimental data has very low relevance, inadequately scaled, and the data is poorly

characterized.

Validation Result: The simulation-based and data-driven lognormal median fragility
curves (i.e. without any epistemic uncertainty) for the DG failure event are shown in
Figure I11.13. For obtaining the validation metrics, the cumulative distribution function
(CDF) fragility curves are converted into probability density function (PDF) curves.
Then, OC' is calculated using Eq. (III.1) and J-divergence, J is calculated using Eq.
(II1.5) with A = 1 [12]. The values of obtained validation metrics are OC' = 0.61 and
J = 0.21. As J-divergence is standardized from symmetric KL divergence using an

exponential function, it depends on value of A chosen.

In order to evaluate the sensitivity of A on J-divergence, we considered two
Gaussian distributions with varying levels of overlapping area from 0% to 100%. For

each of these cases, we obtained its corresponding J-divergence value. As there is no
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guidance on choosing the A value, the J-divergence is obtained based on different values
of A =0.2,1,5. As seen in Figure II1.14, the curves vary considerably with the A\ value.
If J-divergence is used, then the validation becomes very sensitive to the value of A
itself whereas the overlapping coefficient is much more stable and unique. J-divergence
gives non-unique values when the validation is very good or very bad (extreme cases).

Therefore, OC' is used as the validation metric for rest of this study.
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Figure I11.13: Simulation and Data-driven (median) fragility curves
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Figure I11.14: Overlapping Coefficient vs J-Divergence

Next, epistemic uncertainty is included in simulation-based fragility by assuming
a coefficient of variation of 0.1 for the simulation median capacity. Similarly, data-
driven fragility curves are generated based on the maturity level of R/S/U attributes
[14]. The simulation-based fragility curves by including epistemic uncertainty are shown
in Figure I11.15 and the data-driven fragility curves with high and very low maturity of
data applicability are shown in Figure I11.16. Then, OC' is computed by taking multiple
combinations of simulation and data-driven fragility curves. The histogram of obtained

OC's for high and very low data applicability are shown in Figure I11.17.
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Figure II1.15: Simulation-based fragility curves with epistemic uncertainty
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Figure I11.16: Data-driven fragility curves with high (left) and very low (right)
maturity of Data Applicability
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VL =0.00%, L = 1.25%, M = 83.57%, H = 15.18% VL =3.70%, L = 28.02%, M = 47.92%, H = 20.36%
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Figure I11.17: Histogram of DG failure event Overlapping Coefficients with high (left)
and very low (right) maturity of Data Applicability

Code Adequacy: For code adequacy, the histogram of OC's shown in Figure 16 is
divided into 4 regions based on the maturity table given in Table IIL.8. Then, the
percentage of overlapping area in the region corresponding to the maturity level is
computed and assigned to the maturity level given in Table II1.10. These values can be

further used for decision making by assigning utilities to maturity levels [12, 27].

As seen in Figure I11.17 and Table III1.10, when the maturity of data applicability
is high the uncertainty in the estimated OC' is very low and has a standard deviation
of 0.09. In this case, the code adequacy has a medium maturity of 83.57% because the
mean value of the OC' is 0.60 and the uncertainty in the data-driven fragility curves is

very less.
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Table II1.10: Percentage of Maturity Levels for Code Adequacy

Code Adequacy Data Applicability

Maturity Level
High Maturity Low Maturity

Very Low (VL) 0 % 3.70 %
Low (L) 1.25 % 28.02 %
Medium (M) 83.57 % 47.92 %
High (H) 15.18 % 20.36 %

For the case with very low maturity of data applicability and the uncertainty
in simulation fragility being unchanged, the uncertainty in the estimated OC' is high.
In this case, the code adequacy has a high maturity of 20.36% and a low maturity of
28.02% which is greater than the case with high maturity of data applicability (15.18%
and 1.25%). This is because we are uncertain about the estimated median capacity of
data-driven fragility when the maturity of data applicability is very low. Therefore, in
the enhanced risk informed validation framework, code adequacy reflects the maturity of
data applicability in the maturity of the overall validation which gives confidence in the

decision making.
II1.8 Summary and Conclusions

This study focuses on the enhancement of existing risk informed validation framework
to assess the system-level validation. In this methodology, we propose two major
enhancements to the framework by developing a new set of validation metric

(consistency index) and an additional attribute (Code adequacy) for making the
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framework more robust. In this study, the methodology to identify the critical path
that leads to system-level failure is illustrated using a seismic case study. The overall
validation is assessed for completeness and consistency by comparing the critical path
for both the system-level simulation and data-driven models. The interpretation of
consistency index in the risk informed framework is illustrated for various cases of
building piping system failure. For obtaining an accurate estimate of overlapping
coefficient for the system-level failure, all the events on the critical path have to be
consistent. The adequacy of the simulation code for an intended application depends on
two attributes: validation result and data applicability. The code applicability evaluates
the maturity of simulation tool based on the validation result and helps in the process

of decision making. The key conclusions of this study are summarized as follows:

e The critical path in a Bayesian network is identified by using extended definition
of Fussell-Vesely (FV) Importance measure for Bayesian networks.

e The risk informed validation framework by Kwag et al. [13] and Bodda et al. [14]
can give inconsistent results if the identified critical events are not consistent.

e Introduces the concept of consistency index (4) in the validation metric which
ensures that the simulation and data-driven fragilities correspond to the same set
of critical events.

e Overlapping coefficient is used as the standardized validation metric.

e The existing risk informed validation framework is enhanced by incorporating the
concept of maturity levels to assess the decision regarding the adequacy of a

simulation code for an intended application.
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PART IV

Assessment of Risk Informed Validation Framework
to a Real Life Like Application — Sunny Day Dam

Failure
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IV.1 Introduction

External hazards act as initiators of severe accidents in nuclear plants and as
experienced in Fukushima-Daiichi nuclear disaster, it is necessary to improve our
understanding of the accident sequence of events to appropriately assist decision
makers.  In this context, studies [12, 13, 14, 27| have shown that significant
uncertainties exist in the predictive capability of advanced simulation codes to evaluate
the risk assessments. The range of applicability of a simulation code is assessed by the
physics and the models it contains.  Verification, Validation, and Uncertainty
Quantification (VVUQ) are the three ongoing active research areas in which these
processes help to assess the adequacy of simulation models in predicting the risk
assessments over the range of an intended application and the uncertainty associated
with those predictions. One of the major challenges in validation is related to lack of
relevant experimental data and lack of confidence in the applicability of simulation
models.  This leads to excessive reliance on human judgment and conservative
assumptions in the safety assessment of nuclear plants. The motivation of this study is
to develop a robust risk informed framework for validation of advanced simulation

codes with a probabilistic criterion for adequate level of validation.

The proposed risk informed validation framework in this study aims to build
upon the USNRC’s regulatory guide 1.203 [10] on “Transient and Accident Analysis
Methods,” also known as Evaluation Model Development and Assessment Process
(EMDAP). As a result, the existing risk informed validation framework presented in
Part II and Part III is mapped into the four elements of EMDAP framework. The

integrated risk informed EMDAP framework is used for estimating the degree of
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validation (or credibility) in simulation-based risk estimates for the given external
hazard scenario. As the experimental data is expensive and usually not available for an
intended application, we have to make use of the data that we have or can obtain from
existing and related studies. The quality of experimental data that is based on expert
knowledge is incorporated in the quantification process using a data-driven
methodology [14]. Then, the integrated risk informed EMDAP framework is used as the
basis for validation data planning and to identify the events that require new

experiments in the context of safety assessment.

In this manuscript, we evaluate the applicability of risk informed validation
framework to a more complex flooding scenario that corresponds to real life like
application of sunny day dam failure [43]. This paper combines the risk informed
methodologies by Kwag et al. [13], Part II and Part III of this dissertation. In addition,
such an application would require integration of the performance-based risk informed
methodology into EMDAP framework. In the risk informed validation framework, the
system-level validation is evaluated based on fragility estimates of structures, systems
and components (SSCs). However, in a complex flooding scenario there are a few
non-physical events such as “warning time upon protective dike failure” and “random
failure of boron system” that are not sensitive to details of hydrodynamics and fragility
modeling but are required for the probabilistic risk assessment (PRA). Therefore, in the
risk-informed validation framework we propose a new methodology to handle the events
that are not physics based. As the event tree resulting from the realistic flooding
scenario contains many SSCs, we evaluate the importance rankings of SSCs to
determine the set of events which are critical from a perspective of system-level safety

or performance. For the identified critical events, we develop the assessment base for
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the performance-based Quantities of Interest (Qol) and generate data-driven fragility
curves. For the non-critical events, we assume the data-driven fragility estimates are
same as the simulation-based fragility estimates. The framework uses Bayesian
inference to identify the evaluation models that needs to be enhanced so that the

reduction in uncertainties will help improve the overall confidence in risk-estimates.
IV.2 Summary of Performance-Based Risk Informed Validation Frameworks

The recent frameworks that are based on a risk consistent approach for validation
particularly in the context of external hazard PRA are Kwag et al. [13], Bodda et al.
[14], and Part III. Kwag et al. [13] uses a seismic case study and Bodda et al. [14] a
flooding case study to illustrate the application of the methodology. Kwag et al.’s [13]
methodology employs Bayesian network for propagation of fragilities from
component-level to system-level and assess the degree of validation using overlapping
coefficient and point estimate.  Overlapping coefficient is simply defined as the
percentage of overlapping area between two probability density curves. However, Kwag
et al.’s [13] approach to flooding PRA is restricted due to a lack of relevant
experimental data for flooding failures. Bodda et al. [14] developed a data-driven
approach to quantify the quality of experimental data used for generating data-driven
(or experimental) fragility curves in terms of three attributes: Relevance, Scaling, and
Data uncertainty (R/S/U). Relevance reflects the degree of applicability of
experimental data from existing studies to the current application. Scaling uncertainty
incorporates both geometric and physics scaling uncertainties. Data uncertainty reflects
the uncertainty in the measured data. Also, Bodda et al. [14] expressed the credibility

of overall validation by using a probabilistic distribution rather than a point estimate.
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Part III enhanced the risk informed methodology by considering an additional
validation index called consistency index that ensures the system-level validation is
complete and consistent. In the enhanced methodology, the assessment of decision
regarding the adequacy of a simulation code is represented by four maturity levels (very

low, low, medium, and high).
The key steps involved in the existing risk informed methodology are listed below:

e Construct an event tree/fault trees corresponding to an initiating external hazard
such as flooding or seismic.

e Develop component-level simulation-based fragility curves and map event tree/fault
tree into a Bayesian network.

e Evaluate system-level and intermediate-level simulation-based fragilities by
propagating fragilities from basic events through the Bayesian network.

e Identify experimental data at component-level and establish maturity level for
R/S/U attributes. Obtain system-level data-driven fragility curves by propagating
data-driven fragilities from basic events through the Bayesian network.

e Identify critical path for both the simulation and data-driven models. If the critical
path is same (6 = 1), then compute the validation metric for the system-level
validation.

e If the critical path is different or validation metric does not satisfy the desired
acceptance criterion, then conduct high-fidelity simulations or collect additional
experimental data for the critical events.

e Represent the adequacy of overall validation in terms of various maturity levels.
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IV.3 Integration of Risk Informed Validation Methodology with EMDAP

In 2005, USNRC Regulatory Guide 1.203 [10] introduced Evaluation Model Development
and Assessment Process (EMDAP) which is a systematic process to confirm the adequacy
of a particular code for analyzing transient and accident behavior that is within the design
basis of a nuclear power plant. The complete EMDAP framework is illustrated through
the flowchart shown in Figure IV.1. The key steps involved in the EMDAP process are

listed below:

e Identification of analysis purpose, figures of merit (FOM), mathematical modeling
methods, components, phenomena, and physical processes.

e Hierarchical breakdown of systems, phenomena and process.

e Development of an experimental database comprising of Separate Effect Test
(SETs) and Integral Effect Test (IETs). Scaling and applicability analysis of test
facilities and models.

e Development of evaluation model (EM) with state-of-the-art modeling tools and
algorithms.

e Assessment of EM models adequacy using a two-tier review process (top-down and
bottom-up). The bottom-up approach focuses on the fundamental building blocks
of the code in which closure and correlation models are evaluated by considering
their fidelity to fundamental or SET data, and scalability. The top-down approach
focuses on capabilities and performance of the EM in which field equations and
numeric solutions are evaluated by considering their fidelity to component or IET
data, and scalability.

e Characterization of EM bases and uncertainties.
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2. Specify figures of merit

Establish Requirements for Evaluation Model Capability
1. Specify analysis purpose, transient class, and power plant class

3. Identify systems, components, phases, geometries, fields, and
processes that must be modeled
4. Identify and rank phenomena and processes

Element 2
Develop Assessment Base
. Specify objectives for assessment base
6. Perform scaling analysis and identify
similarity criteria
7. Identify existing data and/or perform
IETs and SETSs to complete data/base
8. Evaluate effects of IET distortions and
SET scaleup capability
9. Determine experimental uncertainties

ot

Element 3
Develop Evaluation Model
10. Establish EM development plan
11. Establish EM structure
12. Develop or incorporate closure models

Closure Relations (Bottom-up)

13. Determine model pedigree and
applicability to simulate physical
processes

14. Prepare input and perform calculations
to assess model fidelity and/or
accuracy

15. Assess scalability of models

EMDAP Element 4
Assess Evaluation Model Adequacy

Integrated EM (Top-down)

16. Determine capability of field equations
and numeric solutions to represent
processes and phenomena

17. Determine applicability of EM to
simulate system components

18. Prepare input and perform calculations
to assess system interactions and global
capability

19. Assess scalability of integrated
calculations and data for distortions

20. Determine EM bases and uncertainties

Return to appropriate NO
elements, make and
assess corrections

Adequacy Decision YES
Does code meet
adequacy standard?

Perform plant event
analyses

Figure IV.1: EMDAP Framework [10]




Though EMDAP is a quite powerful framework with a comprehensive structure,
the decision process for the validation of simulation codes is not formalized and the
epistemic uncertainty can be easily overlooked [27]. Therefore, in this study, we integrate
the risk informed validation framework with EMDAP to quantify all the information
and formalize the process, which turns to be much less heuristic. The integrated risk
informed EMDAP framework is illustrated through the flowchart shown in Figure IV.2.

The integrated framework employs four key elements that are described below:
Element 1: Establish Requirements for FEvaluation Model Capability

e Develop an event tree to represent all possible accident scenarios resulting from an
initiating external hazard.

e Construct the corresponding fault trees for the top events in the event tree.

e Map the fault trees and the event tree into a Bayesian network using a mapping
algorithm.

e Characterize failure in terms of performance function.

e Identify critical events with respect to system vulnerability using importance

measures.
Element 2: Develop Assessment Base

e Collect experimental data at component level (SETs) and sub-system level (IETS)
for the identified critical events.
e Establish the quality of experimental data based on Relevance, Scaling, and Data

uncertainty (R/S/U) attributes.
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Element 3: Develop FEvaluation Model

e Develop performance-based simulation fragility curves for all the basic events and
data-driven fragility curves for the identified critical events. In general, fragility
assessment requires use of a Monte Carlo approach to include uncertainties from
various sources. However, if sufficient knowledge base has been developed then one

can make use of the standard lognormal fragility parameters.
Element j: Assess FEvaluation Model Adequacy

e For bottom-up approach, propagate fragility information from basic events to
intermediate-level and system-level through the Bayesian network. Then,
calculate overlapping coefficient and consistency index based on simulation and
data-driven fragility curves for the events along the critical path.

e For top-down approach, the evaluation models that needs to be improved are
identified by specifying the acceptance criterion of overall validation to be 100%
of high maturity. If additional data becomes available at higher levels, then

update the fragility curves and the subsequent OC's using Bayesian inference.
Decision

e [f all the events on the critical path are consistent then compare system-level
overlapping coefficient with a predefined acceptance criterion.

o If the adequacy of system-level validation is not satisfied collect more experimental
data or improve evaluation (simulation or data-driven) models of the identified

critical events.
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Element 1
Establish Requirements for Evaluation Model Capability
o Construct Event Tree/Fault Tree (ET/FT) corresponding to
an initiating external hazard
e Map ET/FT into a Bayesian Network (BN)
o Characterize failure in terms of Performance function (Figures
of merit)

o Identify Quantities of Interest using Importance measures

l 1

Element 2 Element 3
Develop Assessment Base Develop Evaluation Model
Collect more o Identify experimental data at e Develop component-level Tmprove
experimental data component and sub-system levels performance-based simulation-driven cvaluatign models
(SETs and IETS) and data-driven fragility curves i
e Establish Relevance, Scaling, Data
Uncertainty (R/S/U)

Element 4
Assess Evaluation Model Adequacy

Bottom-up Top-down

e Evaluate fragilities for sub-system and

! . o Identify evaluation models that needs to be
system-level from component-level fragilties

imporved based on desired acceptance

e Introduce Overlapping coefficient (OC') and criterion of system-level OC'
Consistency index (§) as validation metric o If new data is available in any higher levels,

e Use fragility data to calculate OC and § for update OC's and 0s of all levels based on
nodes along critical path the new data

Decision
(Validation Metric of nodes along
critical path satisfies Criterion?)

NO NO

‘ System level validation process is done ‘

Figure IV.2: Integrated Risk informed EMDAP framework

IV.4 Realistic Scenario — Sunny Day Dam Failure

The realistic scenario we considered in this study is based in part of the NRC Working
Example Template [43]. The layout of the plant is shown in Figure IV.3. The scenario
begins with a sunny day dam break upstream of a Pressurized water reactor (PWR)
nuclear plant situated in a typical riverine environment. The release of water due to
dam break acts as an external flooding at the plant. The plant has a dike along the

riverbank for basic flood protection. If the plant has at least 8 hours notification time
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prior to flood arrival, it is assumed that the plant will be successful in achieving hot
shutdown; otherwise, the plant must contend with external flooding (EF) site conditions
of the plant during shutdown. During the flood event, all the key safety functions such as
maintaining onsite power, reactivity control, reactor cooling, and reactor pressure should
be in a safe stable state. If the safety functions are working properly and there is a
sufficient warning time before the landscape flooding occurs, the operators will test and
align the severe flood management system (SFMS) for the external flooding. Then, the
atmospheric dump valves (ADVs) are opened to reject steam to the atmosphere. If the
ADVs are not able to be opened or prevented from reclosing, the main steam safety valves
(MSSVs) will be opened to create an alternate path for steam rejection and secondary
side heat removal. The SFMS will be placed into service by providing power and water
to the plant. If the normal plant equipment is lost due to flooding, then the decay heat
removal (DHR) will need to be transferred to the steam generator (SG) from the DHR
system. If the SFMS continues to remove decay heat, the plant will be in a safe stable

state and the post flood procedures will be implemented [43].
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Figure IV.3: Plant Layout [43]
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IV.4.1 Event Tree / Fault Tree Logic

The event tree resulting from this realistic example is shown in Figure IV.4 and it includes

the following top events:

Event 1 Event 2 Event 3 Event 4 Event 5 Event 6 Event, 7 Event § Event 9 Event 10 Event 11 Event 12
EF-PROTECT EF-WARN EF-ERLYPOW EF-RCNTRL EF-NOLOCA 3 2 EF-MSSVS SE-SFMS-S SF-SG. EF-SFMS-SS

Figure IV.4: Event Tree logic for the Sunny Day Dam failure

Initiating Fvent: Sunny-Day Dam Break

The initiating event is an external flooding (EF) event due to a sunny day dam
break. The failure of the dam is not due to any external event such as an extreme flood
or an earthquake but may result from a structural or operational deficiency on a normal

sunny day [44].

FEvent 1: EF-PROTECT

The protective dike is effective in preventing an EF event at the plant and this
top event is further decomposed into a fault tree as shown in Figure IV.5. The protective

dike is lost if the dike overtops (E1—B1) or if the dike collapses due to structural failure
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(E1-B2).

Flood Protection Dike is Lost ’
P = 8.01E-01

a

EF Elevation EF Breach of Non-Overtopped Dike
Overtops Dike P = 3.71E-01

P = 4.30E-01

NOT of OVRTOPDIKE Basic Event ’ ‘ Flood Failure of ’

P = 5.70E-01 Dike (from Fragility)
P = 6.50E-01

EF Elevation
Overtops Dike

O

P = 4.30E-01

Figure IV.5: Fault Tree of Event 1: EF-PROTECT

Event 2: EF-WARN

EF-WARN describes the event in which at least 8 hours notification time prior
to the protective dike being lost has been given. This event determines if the plant hot
shutdown occurs prior to the flood arrival or if the plant shutdown process must cope

with the landscape flooding.
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FEvent 3: EF-ERLYPOW

This event determines if the onsite power can be maintained until hot shutdown
of the plant is achieved. EF-ERLYPOW top event is further decomposed using a fault
tree to obtain its failure probability as shown in Figure IV.6 and it includes the following

basic events:

Blackout (LOSP Already Assumed)
P = 5.02E-01

EF Inundation Loss of Onsite AC Power EF Inundation Loss of DC Power
P = 5.33E-01 P = 8.47E-01

| . | | . |

EF Dep Loss EDG EF Dep Loss of EF Dep Loss of GD Dep EF Loss of Dep EF Loss of DC EF Loss of Elec
Cmps (DGs/Aux, Buried F-Oil Tank Bldg to External Batteries and Cmps Panels and Cmps Bldg due to Exter-
Elec, Fuel Pmp ...) (uplift), Pump .. Wave Loading in Batt Room in DC Cab Room nal Wave Loading

O O O O @)

P = 4.60E-01 P = 1.80E-01 P = 8.00E-02 P = 6.30E-01 P = 5.60E-01 P = 6.00E-02

Simplified Logic for Early Station

Figure IV.6: Fault Tree of Event 3: EF-ERLYPOW

e E3-B1: Failure of dependent emergency diesel generators (EDGs) and their
auxiliaries, control panels, fuel pumps, etc. due to flooding inundation

e E3-B2: Failure of buried diesel tanks due to hydrostatic forces (uplift and/or
shell wall buckling)

e E3-B3: Partial or complete failure of EDG building due to external wave loading
and related effects

e E3-BJ: Dependent loss of batteries and equipment in battery rooms occur upon
flooding inundation

e E3-B5: Dependent loss of DC cabinets and related components in the DC Panel

room occurs upon flooding inundation
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e E3-B6: Partial or complete failure of electrical building due to external wave

loading and related effects

Event 4: EF-RCNTRL

This event determines if the reactivity control is established and maintained. EF-
RCNTRL top event is further developed into the fault tree as shown in Figure IV.7 and

it includes the following basic events:

Loss of Reactivity Control with EF

P = 2.34E-01
Control Rod Drive Insertion Fails Boron Injection Fails
P = 3.65E-01 P = 8.04E-01
Random Failure EF Inunda- Boron Inject. is EF Induced Failure
of CRD System tion of CRD Insufficient to of Boron Inj. System
O Cmps/Actuators Control Reaction P = 7.61E-01
P = 5.00E-02 O P — TR0E.01
P = 3.32E-01 o -
Boron Tank Boron Injection Aux Bldg Fails
Room Flooded Pumps/Valves from Flood

O Flooded Waves Effects

b 0801 O O

P = 5.60E-01 P = 3.00E-02
Figure IV.7: Fault Tree of Event 4: EF-RCNTRL
e E/—B1: Random failure of control rod drive (CRD) insertion
e E/—B2: Dependent loss of CRD actuators and/or related CRD component
auxiliaries fail upon flooding inundation

e E4—-B3: Random failure of boron system
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e E/—BJ: Borated water storage tank, related instrumentation and components are
disabled with flooding inundation

e E/—B5: Flooding inundation of pumps/valves of the boron delivery system

e E4/—-B6: Partial or complete failure of auxiliary building due to external wave

loading and related effects

Event 5: EF-NOLOCA

This event determines that no loss-of-coolant accident (LOCA) occurs and the
reactor inventory control is achieved. EF-NOLOCA top event is further developed into

the fault tree as shown in Figure IV.8 and it includes the following basic events:

e E5-B1: Failure of refueling water storage tank (RWST) due to impact from a
large or sharp water-born missile

e E5-B2: Flooding inundation of reactor coolant system (RCS) charging pumps

e E5-B3: Flooding inundation of motor operated valves of the RCS

e E5-Bj: Flooding inundation of high-pressure (HP) pumps that injects water to
the primary system

e E5-B5: Flooding inundation of motor operated valves of the HP injection system

e E4/—B6: Partial or complete failure of auxiliary building due to external wave
loading and related effects

e E5-B6: Operators fail to recover a stuck-open pressurizer relief valve (PRV)

e E5-B7: A PRV sticks open
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Loss of Reactor Coolant Inven-
tory with EF, Reactor at HP
P = 3.12E-01
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O
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Stuck Open Pres-
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A

O

P = 2.50E-02

Loss of Sufficient Coolant
Makeup and HP Injection
P = 5.52E-01

Operator Fails to
Recover SOPRV

A

O

P = 4.60E-01

RWST Tank Fails from
EF Missile Impact

HP Inj. Pumps Lost
from EF Inundation
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Flood Wave Effects

O

O

O

O

P = 8.00E-02 P = 1.90E-01

P = 3.80E-01 P = 3.00E-02

Figure IV.8: Fault Tree of Event 5: EF-NOLOCA

Fvent 6: EF-RPRESS

This event determines that the reactor pressure control is achieved to depressurize
the reactor, supply makeup water, and initiate and maintain the residual heat removal
(RHR) function through completion of the hot shutdown process. EF-RPRESS top

event is further developed into the fault tree as shown in Figure IV.9 and it includes the

following basic events:

e E5-B1: Failure of refueling water storage tank (RWST) due to impact from a
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large or sharp water-born missile

e E6-B1: Flooding inundation of low-pressure (LP) pumps that injects water to
the primary system

e E5-B5: Flooding inundation of motor operated valves of the LP injection system

e E4/—B6: Partial or complete failure of auxiliary building due to external wave
loading and related effects

e E6-B2: Random malfunction of PRV

EF Loss of Reactor Control to Reduce
to LP (and Maintain Inventory)

P = 3.46E-01
EF Loss of LP Coolant Injection Pressure Relief
P = 3.43E-01 Valves Randomly
‘ Malfunction
P = 5.00E-03
RWST Tank LP (RHR) Pumps Valve Actua- Aux Bldg Fails from
Fails from EF Lost from EF tion Fails from Flood Wave Effects
Missile Impact Inundation Inundation O
O O O P = 3.00E-02

P = 8.00E-02 P = 4.40E-02 P = 2.30E-01

Figure IV.9: Fault Tree of Event 6: EF-RPRESS

Event 7: EF-SFMS-TA

This event determines the testing and aligning of the severe flood management

system (SFMS) for the external flooding.
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Event 8: EF-ADVS

This event determines that the atmospheric dump valves (ADVs) are opened to
reject steam to the atmosphere. EF-ADVS top event is further developed into the fault

tree as shown in Figure IV.10 and it includes the following basic events:

e E8-B1: Random failure of the ADVs and their needed configuration
e E8—-B2: Partial or complete failure of turbine building due to potential adverse

flood effects

Atmospheric Dump Valves Function

P = 1.86E-01
ADVs Randomly Turbine Bldg Fails
Fail to Function from EF Before
Over Event Duration EF Event Ends
P = 1.00E-01 P = 9.50E-02

Figure IV.10: Fault Tree of Event 8: EF-ADVS

FEvent 9: EF-MSSVS

This event determines that the main steam safety valves (MSSVs) will be opened
to create an alternate path for steam rejection and secondary side heat removal. EF-
MSSVS top event is further developed into the fault tree as shown in Figure IV.11 and

it includes the following basic events:

e E9-B1: Random failure of the main safety steam valves (MSSVs) and their needed
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configuration
e E8—-B2: Partial or complete failure of turbine building due to potential adverse

flood effects

Main Steam Safety Valves Function

P = 1.67E-01
MSSVs Turbine Bldg Fails
Randomly Fail Over from EF Before
Event Duration EF Event Ends
P = 8.00E-02 P = 9.50E-02

Figure IV.11: Fault Tree of Event 9: EF-MSSVS

FEvent 10: EF-SFMS-ST

This event determines if the SEFMS provides power and water to the plant.

Fvent 11: EF-SG-DHR

This event determines if the decay heat removal (DHR) system transfers decay

heat to the steam generator.

Fvent 12: EF-SFMS-5S

This event determines if the SFMS continues to remove the decay heat and

maintains the plant in a safe stable state.
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IV.5 Application of Integrated Risk Informed EMDAP Framework

In this section, we illustrate the application of the integrated framework to the realistic
flooding scenario described in section IV.4. The flooding scenario consists a total of 12
top events in the event tree and 26 unique basic events in the fault trees. In this scenario,
there are a total of 5 top events and 7 basic events that are due to random or operational

failures as shown below:

Top FEvents

Event 2: Warning Time Upon Dike Failure

Fvent 7: Severe Flood Management System (SFMS) Test & Alignment

FEvent 10: SFMS Startup with EF
Event 11: DHR via SG with EF

FEvent 12: SFMS maintains Plant in a safe, stable state with EF

Basic Fvents

e [//—B1: Random failure of control rod drive insertion

e F/-B3: Random failure of boron system

e [15-B0: Operators fail to recover a stuck-open pressurizer relief valve (PRV)
e FE5-B7: A PRV sticks open

e F6-B2: Random malfunction of pressurizer relief valve

e F8-BI1: Random failure of the ADVs and their needed configuration

e F9-BI1: Random failure of the MSSVs and their needed configuration

In a validation point of view, these non-physical events are not sensitive to the
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details of hydrodynamic and fragility modeling. Therefore, in the integrated framework
we categorize the non-physical events into the following two cases so that they are not

critical in the validation process.

e Case 1: Treating non-physical events as completely safe

e (Case 2: Treating non-physical events as completely fail

The failure probability of the non-physical events remains the same for all the
intensity measures of flood height. In this study, we assume that the simulation
fragility information for all the physics-based basic events is directly available. The
critical events are obtained based on the simulation fragility curves. The data-driven
fragility parameters are assumed only for the identified critical events. For all the
non-critical events, we consider the data-driven fragility parameters to be same as the
simulation-based fragility parameters. Table IV.1 gives the lognormal simulation-based
fragility parameters for all the events and Table IV.2 gives the lognormal data-driven
fragility parameters for all the critical events. In addition to the data-driven fragility
parameters, we also assume that the grade quality of experimental data for the critical

events is directly available.
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Table IV.1: Simulation-based lognormal fragility parameters of basic events
(A = Median, 84y = Lognormal standard deviation)

BASIC EVENT ) (ft.) Bav

FE1-B1 8.10 0.15
F1-B2 7.82 0.25
E3-B1 5.08 0.15
E3-B2 6.29 0.25
E3-B3 11.62 0.60
E3-By4 4.84 0.10
E3-B5 4.91 0.12
E3-B6 11.58 0.54
E4-B1 Non-physical event
E/-B2 5.41 0.18
E}-B3 Non-physical event
FE/-By4 5.15 0.20
E/-B5 4.89 0.15
E4-B6 9.13 0.32
FE5-B1 13.37 0.70
E5-B2 8.40 0.26
E5-B3 5.84 0.20
E5-By4 5.32 0.20
E5-B5 5.96 0.20
E5-B6 Non-physical event
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Table IV.1: Continued

BASIC EVENT ) (ft.) Bav

E5-B7 Non-physical event
FE6-B1 6.80 0.18
E6-B2 Non-physical event
ES-B1 Non-physical event
ES8-B2 6.23 0.38
E9-B1 Non-physical event

Table IV.2: Data-driven lognormal fragility parameters and Epistemic uncertainty
(maturity) of critical events

Basic Event ) (ft.) Bauv Data Applicability Simulation Uncertainty

E1-B1 9.17  0.30 High Maturity Medium Maturity
E1-B2 7.30  0.40 High Maturity Medium Maturity
ES§-B2 850 0.30  Medium Maturity High Maturity

IV.5.1 Case 1: Treating non-physical events as completely safe

The event tree resulting from case 1 is shown in Figure IV.12. The failure probability
of all the non-physical events is equal to 0 for all the intensity measures of flood height.
The identified critical event in this case is “partial or complete failure of turbine building

due to potential adverse flood effects” that corresponds to the basic event in the fault
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trees of Fvent 8: EF-ADVS and Fvent 9: EF-MSSVS. The simulation-based fragility
curves for the system-level event and the top events are shown in Figure IV.13. The OC
for the system-level has a high maturity of 30.36% and medium maturity of 69.53% as
shown in Figure IV.14. The adequacy of the code for the overall validation would be
unacceptable if an acceptance criterion of 100% of high maturity is adopted. Therefore,
we have to improve the system-level validation by either enhancing the simulation model

or collecting additional experimental data for the identified critical event.

Event 1
EF-PROTECT

Event 9
EF-MSSVS

Event 10
EF-SFMS-ST

Event 11
EF-SG-DHR

Event 12
EF-SFMS-SS

Event 2
EF-WARN

Event 7
EF-SFMS-TA

Event 8
EF-ADVS

Figure IV.12: Event Tree for Case 1

In the integrated risk informed EMDAP methodology, we identify which
evaluation models to be improved by specifying the OC' of system-level event as 0.8
that corresponds to high maturity of code adequacy. Then, Bayesian inference is used
to update the evaluation models. The updated simulation and data-driven fragility
curves of the critical event are shown in Figure IV.15. As seen in Figure IV.15, the
data-driven evaluation model has to be improved in order to achieve high maturity of
the code adequacy. Therefore, the resources can be utilized efficiently by planning
additional experiments for the critical event rather than conducting high-fidelity

simulations.

110



Fragility

1.00-

— pfs.el
pfs.e2
- pfs.e7
pfs.e8
pfs.e9
-— pfs.el0
pfs.ell
— pfs.el2
---- Sim.End

0.75-

o
al
o

0.25-

0.00-
0 5 10 15 20
Flood Height (ft.)

Figure IV.13: Simulation (median) fragility curves for TOP events (Case 1)
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Figure IV.14: Code Adequacy of system-level event (Case 1)
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Figure IV.15: Simulation and Data-driven fragility curves of critical event (Case 1)

IV.5.2 Case 2: Treating non-physical events as completely fail

The event tree resulting from by treating non-physical events as completely fail is shown
in Figure IV.16. In this case, the failure probability of all the non-physical events is equal
to 1 for all the intensity measures of flood height. The identified multiple critical events
in this case are “B2: dike collapses due to structural failure” and “B1: Overtopping of
dike”. These critical events corresponds to the basic events in the fault tree of Event
1: EF-Protect. The simulation-based fragility curves for the system-level event and the
critical events (B1, B2) are shown in Figure IV.17. As seen in Figure IV.17, the event
B2 governs until a flood height of 8 ft. and the event B1 governs after the food height
of 8 ft. This is because Fvent 1: EF-Protect is connected to basic events B1 and B2 by
OR logic. Therefore, the fragility of Fvent 1: EF-Protect is governed by the event which

has the highest failure probability.
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Event 7
EF-SFMS-TA

Event 6
EF-RPRESS

Event 5
EF-NOLOCA

Event 4
EF-RCNTRL

Event 3
EF-ERLYPOW

Event 2
EF-WARN

Event 1
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Figure IV.16: Event Tree for Case 2
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Figure IV.17: Simulation fragility curves for system-level and critical events (Case 2)

The code adequacy is obtained for the system-level and critical events as shown
in Figure IV.18. The mean value of OC for system-level, B1, and B2 events are 0.71,
0.63, and 0.75 respectively. As the system-level fragility is dependent on multiple critical

events, the OC' for the system-level event lies in between the OC for the critical events.
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For an acceptance criterion of 100% of high maturity, the adequacy of the code for
the overall validation is unacceptable. Therefore, we use Bayesian inference to identify
the evaluation models that needs to be improved. The updated simulation and data-
driven fragility curves of the critical events are shown in Figure IV.19. In this case, the

simulation-based evaluation model for both the critical events has to be improved.

VL = 0.00%, L = 0.00%, M = 100.00%, H = 0.00% VL = 0.00%, L = 0.00%, M = 6.55%, H = 93.45%

12-
20-
2 8 2
= =
3 3
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Q4. a
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Overlapping Coefficient Overlapping Coefficient
(a) Event: B1 (b) Event: B2

VL =0.00%, L = 0.00%, M = 45.44%, H = 54.56%
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Overlapping Coefficient
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Figure IV.18: Code Adequacy of system-level and critical events (Case 2)
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Figure IV.19: Simulation and Data-driven fragility curves of critical events (Case 2)
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IV.6 Summary and Conclusions

This study integrates the risk informed validation methodology with EMDAP
framework to formalize the validation process for an external hazard scenario. The
integrated framework serves as a basis for validation data planning by identifying the
critical events that require experimental data in the context of system-level failure. In
this study, a realistic and complex external flooding scenario is considered to evaluate

the applicability of integrated risk informed EMDAP framework.

The primary conclusions of this study can be summarized as follows. The risk
informed methodology is mapped into four elements of the EMDAP framework to
enable consistency and completeness in the validation process.  The integrated
framework formalizes the validation process by quantifying the expert knowledge and
making it less heuristic. The non-physical events in the PRA model are identified and
treated as either completely safe or fail in the validation process. The data-driven
fragilities are generated only for critical events. For non-critical events, the data-driven
fragilities are considered to be same as simulation-based fragilities. The evaluation
models that needs to be improved are identified by specifying the overall validation as

100% of high maturity.
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PART V

Summary, Conclusions, and Recommendations for

Future Research
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V.1 Summary and Conclusions

This dissertation presents a risk informed based approach for effectively and efficiently
evaluating the validation of advanced simulation codes for external hazards. This
dissertation includes three main manuscripts that focus on describing the following key

topics:

e Risk Informed Validation Framework for External Flooding Scenario
e Enhancement of Existing Risk Informed Validation Framework
e Assessment of Risk Informed Validation Framework to a Real Life Like Application

— Sunny Day Dam Failure

The summary and conclusions for each of these topics are given below:

V.1.1 Risk Informed Validation Framework for External Flooding Scenario

This study presents a novel approach to quantitatively assess the system level
validation by connecting individual validation events through a PRA informed
validation framework. In this methodology, we include uncertainty in both simulation
and data-driven models which gets reflected in the confidence levels of the overall
validation. Event tree and fault trees are constructed for the system level performance,
and they are mapped into a Bayesian network that allows propagation of fragility
information from component level to system level. The uncertainty in the experimental
data is represented in terms of three attributes: Relevance, Scaling, and Data
Uncertainty.  These attributes are graded based on their VUQ quality and are
incorporated in the data-driven fragility analysis. In this study, the system level

validation and the identification of critical events are evaluated based on fragility
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estimates. To improve the overall validation, we either enhance the simulation models
of events along the critical path or collect additional field data until the adequacy of the
system level validation is satisfied. This process helps in allocating the resources
efficiently thereby reducing the effort to conduct high fidelity simulations and
large-scale experiments. The proposed framework based on risk informed approach for
system-level validation can be adopted by advanced flooding simulation codes such as
Neutrino. The credibility of the Neutrino code for the intended application can be

quantified similar to the synthetic example described in this manuscript.

The key conclusions of this study are summarized as follows:

e The quality of experimental data used in the validation study is quantified and
incorporated in the data-driven fragility curves.

e The basic events that are critical in the perspective of system level validation are
identified.

e Multiple fragility curves are evaluated using different confidence levels instead of
just the mean fragility curves.

e The credibility of the overall validation is estimated which gives confidence in the
decision making.

e The robustness of the modified framework is illustrated by enabling clarity,
consistency, and completeness for a synthetic example of a simplistic flooding

scenario.
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V.1.2 Enhancement of Existing Risk Informed Validation Framework

This study focuses on the enhancement of existing risk informed validation framework
to assess the system-level validation. In this methodology, we propose two major
enhancements to the framework by developing a new set of validation metric
(consistency index) and an additional attribute (Code adequacy) for making the
framework more robust. In this study, the methodology to identify the critical path
that leads to system-level failure is illustrated using a seismic case study. The overall
validation is assessed for completeness and consistency by comparing the critical path
for both the system-level simulation and data-driven models. The interpretation of
consistency index in the risk informed framework is illustrated for various cases of
building piping system failure. For obtaining an accurate estimate of overlapping
coefficient for the system-level failure, all the events on the critical path have to be
consistent. The adequacy of the simulation code for an intended application depends on
two attributes: validation result and data applicability. The code applicability evaluates
the maturity of simulation tool based on the validation result and helps in the process

of decision making. The key conclusions of this study are summarized as follows:

e The critical path in a Bayesian network is identified by using extended definition
of Fussell-Vesely (FV) Importance measure for Bayesian networks.

e The risk informed validation framework by Kwag et al. (2018) can give inconsistent
results if the identified critical events are not consistent.

e Introduces the concept of consistency index (4) in the validation metric which
ensures that the simulation and data-driven fragilities correspond to the same set

of critical events.
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e Overlapping coefficient is used as the standardized validation metric.
e The existing risk informed validation framework is enhanced by incorporating the
concept of maturity levels to assess the decision regarding the adequacy of a

simulation code for an intended application.

V.1.3 Assessment of Risk Informed Validation Framework to a Real Life

Like Application — Sunny Day Dam Failure

This study integrates the risk informed validation methodology with EMDAP
framework to formalize the validation process for an external hazard scenario. The
integrated framework serves as a basis for validation data planning by identifying the
critical events that require experimental data in the context of system-level failure. In
this study, a realistic and complex external flooding scenario is considered to evaluate

the applicability of integrated risk informed EMDAP framework.

The primary conclusions of this study can be summarized as follows:

e The risk informed methodology is mapped into four elements of the EMDAP
framework to enable consistency and completeness in the validation process.

e The integrated framework formalizes the validation process by quantifying the
expert knowledge and making it less heuristic.

e The non-physical events in the PRA model are identified and treated as either
completely safe or fail in the validation process.

e The data-driven fragilities are generated only for critical events. For non-critical
events, the data-driven fragilities are considered to be same as simulation-based
fragilities.

e The evaluation models that needs to be improved are identified by specifying the
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overall validation as 100% of high maturity.
V.2 Recommendations for Future Research

Based on the experience gained in conducting this research, it is suggested that further

research should consider the following aspects:

e The proposed framework can be used to plan experiments by quantifying the
uncertainty in the R/S/U attributes of Data Applicability. If there is more
uncertainty in Relevance, then new experiments directly related to the current
phenomenon can to be conducted. If there is more uncertainty in Scaling, then
the validation can be improved by conducting large-scale experiments. Similarly,
if the data uncertainty is large, the experimental data can be collected using high
resolution instruments.

e The temporal effect of the accident scenario can be evaluated by employing
Dynamic Bayesian network in the risk informed methodology.

e Evaluation of multiple fragility curves through the use of advanced simulation
codes such as Neutrino [45] can pose computational challenges due to a large
number of simulations that might be needed particularly if uncertainties are
accounted for through Monte Carlo. This can be addressed by employing
statistical inference concepts for fragility estimates while minimizing the required
number of SPH analysis [46].

e When multiple evidence with varying maturity levels is available for R/S/U
attributes, a cost-benefit analysis can be carried out to identify the evidence with
the most value.

e The efficiency of the risk informed validation methodology for a very large scenario
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can be improved by limiting the validation to critical path only.
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