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Abstract

Risk assessment is essenta@l nuclear power plantdNPP9 due tothe complex
dynamic naturef such systemsf-systemsas well aghe devastating impacts of
nuclear accidentsn the environrent, public health, and econonbyessons learned

from the Fukushima nucleaccidentdemonstrated the importance of enhancing
current risk assessmennethodologiesand developing efficient early warning
decision support tool&taticprobatilistic risk asgssmentPRA) techniques (e.qg.,
event and fault treenalysishavebeen extensivelgdoptedn nuclear applications

to ensureNPPscomply with safety regulations. However, numerous studies have
highlighted the limitations of static PRA nhetdssuch as théack of considering

the dynamic hardware/software/operator interactions inside the NPP and the
timing/sequenceof events. In response, everal dynamic probabilistic risk
assessmelflPPRA) methodologiefavebeendeveloped and continuoustyolved

over thepast four decades to overcome the limitations of static PRA methods.
DPRA presentsa comprehensive approach to assess the risks associated with
complex, dynamic systems. However, current DP&pproacks arefaced with
challengesssociateavith the intrainterdependence within/betwedifferent NPP
complex systems anithe massive amount of dathat needs to be analyzexhd

rapidly acted upon

In response to these limitations of previous waokle, tnain objective of this
dissertation is to developmhysis-basedDPRA platform and an intelligemata
driven prediction toolfor NPP safetyenhancementinder normal and abnormal
operating conditions. The results of this dissertadiemonstratéhat he developed
DPRA platformis capable o§imulaing the dynant interaction between different
NPP systems andestimatingthe temporal probability of core damage under

different transients with significantanalysis advantages from both the
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computational tire and data storagerspectivesThe developed platforeanalso
explicitly account foruncertainties associated with tN®P'sphysical parameters
and operating conditions on the planésponse and probability i core damage.
Furthermore,an intelligent decision support tqotleveloped based on artificial
neual networkgANN), can significantly improve thgafetyof NPPsby providing
the plant operators wittast and accurate predict®that are specific to such NPP.
Such rapid prediction will minimize the need to resort to idealized phpsssd
simulators to predict theunderlying complex physical interactiondoving
forward, e developed ANN model can be trained under plant opaedtdata,
plants operating experience database, and fiata rare event simulationto
considerfor exampleplant aging with time, operational transients, and rare events
in predicting the plant behavidBuch intelligent tool can be key PP operatis

and manager® take rapid and reliable actions undénormalconditions

Vi
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Chapter 1 : INTRODUCTION

1.1. BACKGROUND AND M OTIVATION

Nations across the globe have been harnessing nuclear energy to fulfill their
demands foelectrical power According to the World Nuclear Association, the
Harmonyprogramme has been established withatineof adding 1,000 gigawatts

by 2050 in order to net the eveincreasingglobal demand for electricitfwWorld
Nuclear Association 2018)Currently, 448 nuclear power reactor units are
operational worldwide and provide more than 10% of the global electf\Wibyld
Nuclear Association 2019)n addition, aroundl50 and 57 reactor units are
currently under planningand construction, respectively(Canadian Nuclear
Association 2019)A nuclear power plantNPP) is a complex systerof-systems

that includes the reactor core, secondary cooling, primary heat transport, condenser
cooling, shutdown cooling, and emergency core cooling systanhk, with its
owndistinctivefunctions. All such NPP systems interact dymaally during
normal ogration to ensure safe and continuous electricity supply. The effective
operation and control of a NRBquirea full understanding ahe componentand
systemlevel behaviors, as well as the dynamic interaction/interdependence
betveen the plant subsystenunder normal and abnormapberatingconditions.
However, accidents attributed to unexpected operation or extezeidcan have
catastrophic consequencdr example, the Fukushima Daiichi NPP accident

resulted in a cormeltdown of three nuclear redor units and anassiverelease of
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radioactive material into the environmef@hino et al. 2011)It is thus more
essential now than ever before to ensure the safety of NPPs, as they become more
complex, dynamic, and interdependent.

Major catastrophic NPP accidents that took place over the past few decades
(e.g., Three Mile Island, Chernobyl, and FukashiDaiichi) have highlighted the
need for risk assessment methodologies. Probabilistic risk asses$thaft (
techniques have significantly evolved over the past four decades. Traditionally,
PRA has been penfimed usingstatic event and fault treeET/FT) analysis.
Although such methods have been applied successfully in different disciplines (e.g.,
oil and gas industry, chemical industrggveral studie@\ldemir 2013; Anendola
and Reina 1981; Hofer et al. 2002a; Hsueh and Mosleh 1996; Mercurio et al. 2009;
Siu 1994; Zio 2014have demonstrateskveral associated limitations, especially
when ET/FT analyses are appliedctumplex dynamic systems such as NPP. Key
limitations include the inability to account for the dynamic interaction between
different components, software, and operafbts 2005) In NPPs, the uncertain
nature of the physical parameters, operating conditions, and accident propagation
necessitates conducting the risk assessment within a dynamic stofthastwork
in order to efficiently capture thiateractions amongst the plant subsystems. As
such, dynamicPRA (DPRA) approaches are desired to consider the dynamic
interaction between the different subsystems in NPPs, as well as the dynamic

accident prpagation.
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In the environment of a NPPperators, decisiomakers, and consultants
need to consider many aspects to assess the risk associated with the plant operation.
A rapid decision support syste@$S can support NPP operators with an early
warningto mitigate the risks posed by operatibtransients and accidents. Lessons
learned from the Fukushima nuclear accident demonstrated the necessity of having
adequate monitoring systems for{arecident operation and management processes
(IAEA 2015). Strategic NPP dedm-making is challenging becausetbé highly
interdependent complex dynamical subsystems within the NPP. Atrtificial
intelligence Al) techniques have been utilized to develop intelligent DSS in many
fields, in which a large amount of data is analyzedriter to provide faster and
more acarate and effective decisiahscreating a possibility to radically empower

decisionmaking within NPP environmen(Eilip 2008; PhillipsWren 2013)

1.2. RISK ASSESSMENT OFNUCLEAR POWER PLANTS

PRA techniques are used to assess the risk of NPPs under normal and abnormal
operating conditions and when the system igesieéd to natural or anthropogenic
hazards(CNSC 2014; IAEA 2001)Static ET/FT analysis methodsere originally
presentedwvithin one of the earliest comprehensive PRA platforms, WASB0
(U.S.NRC 1975) In NPPs, PRA is a thoughtquess used to estimate three basic
NPP risk levelgHakobyan 2006)Level 1 PRA estimates the risk of severe reactor
core damage, in which the plant response is evaluated under different types of
postulated initiating eventand subsequent accident sequences. These accident

scenarios, including both successes and failures (i.e., conaged, can be
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represented throlg ET analysis. On the other hand, FT analysis is used to
determine the probability of the system failure based on the logical combination of
component and software failures together with human errors. In Level 2 PRA, plant
responses to Level 1 PRA are exatkd based on accident sequettibasresult in
core damage and subsequent release of radioactive materials from the containment
to the environment. Level 3 PRA estimates the impact of radioactive material
releases on theuplic health and economy. In atldn, the use of ET/FT analyses
provides a qualitative insight on beyeddsignbasis risk scenarios, which can
subsequently be used to enhance the NPP design and operation conditions.
Numerous concerns hatbeen raisedegarding the capability of statlET/FT
analysis methods to adequately account for the time and sequence of events during
the nonlinear dynamic components/software/operators interact{blegad
Hosseinian 2007)For example, ET/FT analysis methods cannot account for time
delays in the activation of safety systems, which may affect the accident
propagation. In addition, these methods neglect the feedback mechhatsrasn
NPP physical processeadathe system logice(g.,the behaviors of components
and operatorsYHsueh and Mosleh 1996y)hich result in a highly nonlinear
behavior.Furthermorejn static ET/FT, the order of events is prespecified by the
analyst(Mandelli et al. 2013b; Zio 20147 his may limit the ability to capture new
events that might be overlooked by the analgstaminathan and Smidts 1999a)
Thus, the PRA analysis quality, le@lson ET/FT methods, is entirebnalyst

dependant(Jankovsky et al. 2018averall, ET/FT analysis methods fail to
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reliably evaluate the rislwhenthe dynamic interaction between components,
physical plant processes, amperators is of the highest importané&evious
studies(Hu 2005; Mercurio et al. 2009; Nivolianitou et al. 1986; Siu 1994;
2014) have highlighted e importance of considering evetitnes during
componentsoftware/operators interactiobgcause the nonlinear dynamic nature
of the system parameters may afftbetaccidenfpropagationSiu (1994)indicated
that PRA limitations can influendbe probability of event occurrence, resulting in
an unreliable risk assessmeifherefore, limitations oftatic ET/FT methods,
combined with recent NPP accidentsyvé highlighted the need for developing
more reliable risk assessment methods to betserrashe safety of NPPs.

Amendola and Rein@d 981)presented the first step towards the development
of a DPRA, which isreferredto @&sEvte ns equences and consequenc
This approach integrates the states of the system with its physical response in order
to investigate the temporal accident sequence and the corresponding probability of
occurrence. DPRA of NPPs was subsequently esmasl as the integration of NPP
simulaion codegCojazzi 1996; Smidts 1994nhd stochastic procesg@sosta and
Siu 1993; Cojazzi 1996; Hofer et al. 2002a; Hsueh and Mosleh 1996; Mandelli et
al. 2013b, 2018; Rabiti et al. 2012) which the stochastic processesludethe
random failure of subsystems/compone(itéandelli et al. 2018)and human
intervention with NPP system dynamig@dsu 2005) Accordingly, several DPRA
methods havbeen developed over the past few dectalesaluate the risks within

NPPs. These methodspresentedhe event temporal sequence wiihanching
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occurring whera critical variable ofthe NPP systeme(g.,the thermatdynamic
processof the primary loop variables, component states, or operator response)
changegHsueh and Mosleh 199&iowever, recent studi€¢s.g, Jankovsky et al.

2018; Mandelli et al. 2013, 2017; Manselli et al. 2013; Varuttamaseni 2011)
identified new challenges pertaining to the application of DPRA approaches to
simulating large complex systems in NPiRsluding: excessive computational
time, massive data to be analyzed, as well as the limited application of DPRA in
multi-unit stations, thus highlighting the need to address such challenges to ensure

NPP safetyfMandelli et al. 2013b, 2018; Varuttamaseni 2011)

1.3. METHODS AND APPROACHES

As discissed above, extensive research effbese been conducted to develop
effective DPRA methodologies able to consider the dynamic interaction between
the different subsystems in NPPs. Such studies provided valuable resources that can
be analyzed in order tdentify trends in DPRA methodologiesd highlight the
ongoing evolution and challenges. Text mining provides an efficient quantitative
analysis approach that can be used to explore key topics in unstructured datasets
(e.g., text). The Latent Dirichlet Wication LDA ) topic modeling and Msram text
classification are selected in this thesis to identify the main topics related to both
DPRA simulation and graphical methodologies, and to identify associated
promising methodologies. In addition, a qualitatiterature review is performed

to investigate the main challenges facing the current DPRA methodologies,
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highlighting the necessity of developing a more efficient DPRA plattbiah can
overcome the current limitations of DPRA athance the overahfdy of NPPs.

The first and key step tawds developing a DPRA platform is analyzing the
physical response of the plant following an initiating evéhie DPRA platform
developed in this study is based on phybased simulation models. System
dynamics ED) is a comprehensive modeling techniqueedto simulate the
nonlinear dynamic behavior of complex systems, in which the-didstr
differential equations governing the system are solved numerically. SD was
developed by the mid of 1950s by Jay Forreg¢kanrester 971) to simulate
complex social andoenomic systems. Feedback loops are key in the SD models,
and are used to simulate the interdependence between the system components such
that the nonlinear dynamical nature of the system can be effectively captured
(Sterman 2000)A deterministt SD model is first developed in this study to
simulate the thermal dynamic processes inside the pressurized water FRRAGR)r (
subsystems, including the reactor core, primary and secondary cooling systems, hot
and cdd legs, reactor core inlet and outfdénums, and steam generator inlet and
outlet plenums. The developed model simulates the nonlinear dynamic interactions
among these subsystems, in which the PWR subsystem parameters are adopted
from the Palo Verde Nuear Generating StatiofArda 2013) Uncertainties
associated with the PWR physical parametend aperating conditions are
subsequelht considered. Such uncertainties are essential for evaluating the risk

associated with desigmasis transients. The efficiency of the developed DPRA
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platform is demonstrated through assessing its ability to estitatéetmporal
probability of core damagender different transients.

Finally, Al is adopted to develop an early warning system that can support
the plant operators with a fast and accurate DSS.-feeedrd back propagation
artificial neural network ANN) is one of the most popular datigiven nodeling
(DDM) tools that rely on Al to learn automatically based on patterns in data. As
such, an ANN model is developed in this study based on the responses of a PWR
subsystems under 32 different transients. The dpeel ANN provides an early
warning tod that is able to predict the dynamic response of the critical parameters

of a PWR system in a quick, reliable and effective manner.

1.4. RESEARCH OBJECTIVES

The main goals of the work in this dissertation are)tdevelg an integrated SD

platform for the DPRA of NPPs that can aid in enhancing the safety of NPPs by

overcoming the limitations of simulating the dynamic interaction among several

large complex systems; ano), develop an intelligent early warning d@&on tool

to aid in the development of effective risk mitigation strategies under abnormal

conditions. As such, the following specific objectives are defined:

1 Identify main literature topics in DPRA simulation and graphical
methodologies that show promiser risk assessment of NPPs, as well as
highlight the evolution and development of DPRA methodologieshanthain

challenges facing the DPRA approach.
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1 Develop a deterministic model to simulate the dynamic interaction between the
different NPPsubsystems.

1 Developa DPRA simulation platform that can efficiently simulate the dynamic
interaction between large subsystems in NPPs, considering uncertainties in the
plant physical parameters and operating conditions.

1 Evaluate the temporal probability @éactor core damagunder different
transients.

1 Develop an intelligent DSS for rapid decision making to overcome
computational burdens and calibration (using actual plant operational
conditions) of physicdased models.

The developed DPRA platform is camded under the fwing general
assumptions (additional assumptions are highlighted in specific sections where
applicable):

1 Several parameters are used to describe the physical processes and operating
conditions in the considered PWR, in which the noinwelues of these
parameters were chosen based on those of the Palo Verde Nuclear Generating
Station.

1 Based on a review of previous studies, twesikyparameters are assumed to
follow a normal distribution, whereas seven parameters are assumed to follow

auniform distributon as a conservative assumption.
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1 The average fuel temperature is related to the probability of the reactor core
damage, where the lower and upper limits of the average fuel temperature are

assumed to be 1,680[871°C] and 2,608F [1426°C], respectively.

1.5. THESIS ORGANIZATION

This section summarizes the content of each of the six chapters in this dissertation.
Chapter 1 provides the eésearch need background, overview of SD simulation
approach, research objectives, and a description of the thesis organization.

Chapter 2 provides quantitative analysis and qualitatiterature review of
published articles that discussed the main topics in DPRA methodologies for NPPs.
Text miningis utilized to identify the devant information withirB87 articles
published in approximately 50 different journals and conferences, prgwad
guantitative evaluation. LDA topic modeling ané@tam text classification model
are subsequently applied to identify the main topics irREBRimulation and
graphical methodologies. This chapter also qualitatively identifies the main
challenges facipthe DPRA approach that need to be considered in future studies.
The obtained results showed the need to improve or develop new DPRA
methodologes in order to enhance the overall safety of NPPs.

Chapter 3 provides the first and key step towards developing an integrated
DPRA platform for NPPsA deterministic model simulating thermal dynamic
processes in a PWR is developed to account for the dynamic interactions inside the
PWR. SD is utilized to simulate the nomar dynamic feedback mechanisms

between the different subsystems within the PWRe developed SD model is

10
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validated using results from other published work. Furthermore, the developed
PWR SD model are evaluated under different transients to invegtigadgnamic
response of the PWR critical parameters.

Chapter 4 presents the newly developed DPRA platform for NPPs. This
platform overcomes the limitations of current DPRA methodologies in simulating
large compgx systems and prales significant advantages from both the time and
data storage perspectives. Uncertainties associated with the physical parameters and
plant operating conditions are considered while evaluating the temporal probability
of core damage wier different trangints. A global sensitivity analysis is conducted
to identify the uncertain PWR input parameters that have a significant impact on
the core damage risk.

Chapter 5 discusses the development of anbaised tool that can rapidly
predict the response of critical PWR parameters, and thus serve as an intelligent
DSS. An ANN is therefore trained based on tesuits of several transients and
eight different traning functions. The results of the ANN are compared to those of
the SD model discussed @hapters 3 and 4 The mean squared error and central
processing unit time are used to evaluate the performarbe déveloped ANNSs.

The developed ANN efficientlyrpdict the dynamic response of the critical PWR
parameters, and thus can serve as a rapid early warning tool.

Finally, Chapter 6 provides a summary of this research, the overall

conclusions, and suggestions for future work.
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Chapter 2 : Dynamic Probabilistic Risk Assessment of Nuclear

Power Plants: Stateof-the-Art Review using Text Mining

ABSTRACT

Serious nuclear power plantPIR) accidents, such as the 2011 Fukushima Daiichi
nuclear accident, have highlighted the need for advancement of relevant risk
assessmemiethodologies. NPP risk assessment approaches havevodéangfor

more than four deckes, with recent research faong ondynamigprobabilistic risk
assessmentDPRA) of NPPs to overcome thimitations of probabilistic risk
assessmer(PRA) methods that ussatic event and fault tree analysis methods.
DPRA considers the dynamaspect of NPP physical behavior, thderaction
between different systems and the operating crew responses, and the stochastic
dynamic behavior of cascade failures in NPIRsthis respect, the current study
utilizes text mining (a class of data mining)analyze NPP DPRAelated articles
published since 1981. Following the data collection and preparation, Latent
Dirichlet Allocation topic modeling is utilized to identify and categorize published
articles in terms of their key topics. The®tam text clasification model is also
performed, poviding a visual network to the key topics in published articles.
Finally, a qualitative survey of the DPRA methodologies, as well as the challenges
of DPRA, is presented. The aim of this study is to identify trendBRRA
methodologiegelated to NPP safy and highlight their evolution and ongoing

challenges. The study also identifies DPRA methodologies that are used in the
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greatest numbers of published articles on risk assessment of NPP and that are most
promising br DPRA of NPPs, and establishes destd the practice survey of how
laboratories/universities/organizations have been developing relevant risk
assessment tools. The overarching goal of this study is to guide future DPRA
methodology developments in orderenhance the safety of NPPs undgraimic

cascade (systemic) risks.

Keywords: Nuclear Power PlanDynamic Probabilistic Risk Assessmgiiiext

Mining; Latent Dirichlet Allocation; NGram.
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2.1. INTRODUCTION

Major investment plans to construct new nuclgewer infrastructure are
undergoing aoss the world in order to meet the increasing demands for sustainable
energy. In this respecthé Harmony program was launched to expandlear
energyto provide at least 25% of global electricity by 2050 as paatrefiable and
clean lowcarbon mix\World NuclearAssociation 2018)Globally,aroundl50and
57 nuclearreactorsare currently in their planning and construction stages,
respectively(Canadian Nuclear Association 2019onsidering this significant
increase and the number of current plants, tretysaf nuclear power plantsiPP9
during normal and abnormal operating conditions is key to ensure sustainable
power production. ANPP isa complex systerof-systemgEIl-Sefy et al. 2019%hat
contains a large number of interdependent components and systems, each with its
own distinctive functions, that interact to operate as designed. Such
component/system interdependence aims at controlling the reactor power, cooling
the reactor core, a@ncontaining radioactivity to ensure the safety of the plant while
generating electricity.

Natural (e.g., flood and earthquake) or anthropogenic (e.g., fire and human
errors) hazards can have severe impacts on the operability andagafiPs. In
2011 tsunami waves as high as-18 m, caused by tHe @ h ae&rthquake, hit the
Fukushima Daiichi NPP(Yukiya Amano 2015) resulting in eventual core
meltdown in three reactor units and the release of a massive amount of radioactive
materals. In 2012, three nuclear reactors (i.e.,é\NMile Point 1, Indian Point 3,
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and Salem Unit 1 nuclear stations) were shut down by the Nuclear Regulatory
Commission during Hurricane San(Bucci et al. 2013)Such hazard realizations
demonstrated the imparice of the ongoing research effdAmin et al. 2018; El
Sdy et al. 2019; Kim et al. 2017; Mandelli ek 2017b; Rabiti et al. 2014p
enhance traditional risk assessment methodolagiesto develop more capable
ones.

Prior to 1975, the US. nuclear regulations for the design and operation of
NPPswere base on a deterministic safety assessm&fmA) appoach to ensure
that all needed functionsould be safely accomplisheturing both normal and
abnormal operations. The DSA approaghs mainly utilized toensure thathe
defensan-depthapproach is implemented by analyzing the plant response under
pre-deermined operational and accident conditid®everal approaches have been
developed for the DSA of NPRBAEA 2009); initially, a conservative approach
was used ttake into account the uncertainties in analyzing anticipated opwahtio
occurrences and design basis acciddDBA) due to the lack of data and limited
understanding of physical phenomena. Subsequently, the Best Estimate Plus
Uncertainty approach was cdered more realistic as more experimental data
became available. D’sapproaches provide a high level of confidence in the design
of NPP components under normal operation, DBA, and beyond [EBMSC
2017) However, as the probability tha component may malfunction always
exists, introducing thprobabilistic risk assessmef®RA) approach in the context

of NPP became necessary.
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In 1975, the US reactor safety stu@WASH-1400 (U.S. NRC 1975)
introduced the PRA approach for R® by using static event and fault tree
(ETs/FTs) analysis techniques. PRAuantifiesthe frequencies of loyprobability
high-consequence accidents, including thegquencyof core damage (Level-1
PRA), thefrequencyof radioactive releases from the contaent (Level 2PRA),
and the risk to ofsite public healtland environment.evel 3PRA) (IAEA 2010a)
However,numerous concerns hakeen raisedegarding the capability of PRA to
account for the interdependence between the different NPP components (e.g.,
hardware and software and their operators) consideringowesiall stochastic and
time-dependant (dynamic) behavidisldemir 2013) Specifically, static analysis
techniques typically do not consider the feedback mechanisne&etMPP system
dynamics €.g.,physics of thesystemssuch as temperatures, pressufiesy, etc.)
and the system logi®(g.,the behavior of the components/operatdfshendola
and Reina 1981; Nivolianitou et al. 1988)jnce the analyses of NPP behavior and
system response are perfornsgparately(Hsueh and Mosleh 199@n addition,
static ETsare propagatefbllowing a sec a | effed lindvherebranching points
are prescribed by order of safety system demandst pointgHofer et al. 2002a)
without any consideration of event propagation with tikkercurio et al. 2009;
Zio 2014) The evolution of systm dynamic parameters with time may affect the
probability of an eventrad may influence the accident sequef®ie 1994) In this
respect, the order of events is+oietermined by the ahyat (Mandelli et al. 2013b;

Zio 2014) based on separate therrhgbraulc calculations. Thus, the quality and
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outcome of the PRA analysis ardiegly dependant on the analyst developing the
event tree to reflect realistic scenar{d@ankovsky et al. 2018aln addition, static
ETsare not capable of capturing new events that mightedanked by the analyst
(Swaminathan and Smidts 1999&) fact, Siu (1994) indicated that such PRA
limitations can result in an inadequate or erroneous NPP risk assessment and can
influence the computed probability event occurrence. Alsélu (2005)indicated

that static ET/Fmethods could not enumerate all risk scenarios for the NPP system
with complex interactions between componentsysni operations, and humans.

In order to overcome these limitations of the static ETdRalysis techniqueshe

notion of adynamicPRA (DPRA) approach hakeen identified.

The DPRAapproachas been developéd consider the dynamic interaction
betweerdifferent systems in NPPs and the temporal propagation of failures within
a probabilisticframework. The DPRA of NPPs integrates both NRRuktion
codes, including plant system dynamics/software/human interactoomzzi
1996; Smidts 1994)ith a stochastic procegécosta and Siu 1993; Cojazzi 1996;
Hofer et al. 2002a; Hsheand Mosleh 1996; Mandelli et al. 2013b, 2018; Rabiti et
al. 2012) Several simulation codes have been used to predict the resporid@of N
as part of a dynamic risk assessment. These include RELAPNRC 1995)and
MELCOR (Gauntt et al. 2000rodes used to simulate thbermathydraulic
behavior of the plant, while the stochastic prodestudes models ofandom
system/component failu®andelli etal. 2018)andhumanintervention with NPP

system dynamic@Hu 2005) DPRA has beedevelopedo capture event sequences
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as a function otime because the branching occurs dinae when any critical
variable of the NPP systeneg.,thethermatdynamic processf the primary loop
variables, component states, and operator response) chiadsgeth and Mosleh
1996) Specifically, in DPRA, scenarios withandynamicevent tree are developed
after triggering a single initiating event awhen a system parameter exceeds a
threshold, branching occurs based on the possible outcomes of the
system/component respongsinsman et al. 2008Branching thus can create two
different scenarios for system evolutiaachof which has its own criteria as a
function of time.

Several research studies have been focusedP®tAlapproaches, especially
following the Fukushima nuclear accident in 2011. Text minirg Y is utilized in
the current study as an objective means to identify thifferent DPRA
methodologies that have been developed in the field of nuclear safety. &M is
subclass of data mining that is used in several research fields to explore key topics
within scientific publicationgLazard et al. 2015; Nassirtoussi et al. 20TAY!
deals with unstructured or sestructured data like HTML files, emails, and full
text documentéSalloum et al. 2018).atent Dirichlet Allocationl(DA) is awidely
usedstatistical analysisgechnique proposed byBlei et al. (2003) and used in
different fields(Tang et al. 2014)including social sience(Koltcov et & 2014)
software engineerindCampbell etal. 2015) business(Maskeri et al. 2008)
medical sciencéPaul and Dredze 201,13tructural engineerinfiEzzeldin and El

Dakhakhni 2019)geography(Yin et al. 2011)and political sciencéGreene and
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Cross 2015)to find relationships among text documents and subsequently extract
their key topics.

The goal of tis study is to present a thorough survey of how
laboratories/universities/organizations havseen developing relevant risk
assessment tools and to identify recent DPRA methodologies that show promise for
risk assessment of NPPs. This study also aims Atidfinging and understanding
thekey challenges facing the developed DPRA methodologies.ifiglegtDPRA
challenges is a crucial step toward exploring new research streams that need to be
addressed in future studies. In this respect, TM analysis is pedasmpublished
articles to identify such methods and their applications within the nuaserp
field. The considered dataset represents 387 articles published in approximately 50
different journals and conferences from 1981 to 2019. Afterward, suclearire
analyzed to provide a visual representation of the DPRA research topic landscape,
usng the LDA and NGram text classificationmodeling techniques. Finally, a
gualitative literature review is performed to present an overview afdheepts of
DPRA methods and their point of application, as well as to investigate the main

challenges facigpthe DPRA approach.
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2.2. TEXT MINING OF THE DYNAMIC PROBABILISTIC RISK

ASSESSMENTRESEARCH DATABASE

2.2.1.DATA COLLECTION AND PREPROCESSING

This section provides a quantitative literature analysis, based on TM, to identify
key nuclear DPRA topics in the relexdditerature. Asshown inFigure2-1, in the

first step, published articles are collected frivieb of Sciencg2020) Google
Scholar(2020) andEngireering Village(2020) Articles are collected using the
following criteria:i) journal and conference articles published from 1981 to 2019;

i) articles with abstracts that contain technical information;igharticles with
relevantkeywords (e.g., NPBnd DPRA methods). During data collection, article
titles and abstracts are used for the analysis as they contain the research problem,
the overall objective of the study, the approach/method/software used in the study,
and the main fidings as a resultfdhe study(Gatti et al. 2015; Griffiths and
Steyvers 2004 total of 387 articles is collected for daet A that is subgeently
analyzed to explore DPRA methods; however, such a dataset does not provide clear
topics for DPRA methods, as will be discussed later. As such, a search is performed
using the following keywords: NPP, dynamic probabilistic risgessment, DPRA
simuation methodologies or DPRA graphical methodologies. A total of 223 and
164 articles are collected for DPRA simulatialataset ) and graphicaldataset

2) methods, respectivelyFigure 2-2 shows a growing trend in the number of

published articles related to DPRA methodologies of NPP with approximately 50%
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of the articles being published since 2011. However, with only 387 relevant articles
in 40 years, there is an urgent need to mageifstant progress in the field of
DPRA in order to enhance the safety of nuclear power. As shokigure2-3 and
Figure 2-4, the majority of articles are published Rdiability Engineering and
System Safetyournal, International Topical Meeting on Probabilistic Safety
Assessment and Analysiand International Conference on Probabilistic
Assessment and Managemefhe high number of journals and conferences
indicates hat the development of DPRA of NPPs is spread through a wide variety
of sources and is still a subject of ongoing study.

Thesecondstep is focused on data cleaning, which is essential to avoid any
linguistic noise that can have a negative impact onttiistcal analysis within the
context of TM(Salloum et al. 2018)T'he linguistic wise is due to common words
(e.g., the, of, and, for), punctuation, variation in word case types (e.g., NUCLEAR
and nuclearand word forms (e.g., assess and assessment). The data cteping
consists of the following subteps:i) tokenization, where th abstracts are
separated into tokens (i.e., individual wordg) treatment, where the datasets are
treated to remove atbmmon words (e.g., the, of, are, it) andnaeded characters
(e.g., tags, punctuation, nafphabetic charactersiji) transforméon, where all
characters are converted to a lowercase forwviatemmatizing/Stemming, where
all words are returned toeh rootgstembasedon the Porter stemming algorithm
(Khoury andSapsford 2016)andv) cleaning, where all tokens with more than 25

or less than four characters are removédure 2-5 shows the raw and clean
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datasets, where the size of each word is in proportion to its lplbpaof
occurrence. As can be seenFigure 2-5, while the raw dataset contains/eeal

words with high frequency (e.g., of, and, for, the), the clean dataset has several
high-frequency words that are relatechteclear engineering research (e.g., nuclear,
dynamic, system, probabilistic), which demonstrates the key importance of these
preprocessing steps in enhancing the dataset quality for meaningful analyses. There
are many topic modeling techniques presemetie literature, but the LDA model

is considered one of the most effective techniqiBdsi et al. 2003) as will be

shown next. Following the LDA mad, the NGram text classification model
(Violos et al. 2018)is utilized in the current study for data classification and

visualization.

2.2.2.LATENT DIRICHLET ALLOCAT ION MODEL DESCRIPTION

The main concept of theDA model is that key topics can be identified based on
the probability of ceoccurrence of words within the same document. Thus, words
with the highest probabilities in each topic provide a good indicatidmabtopic.

The LDA model is a generative mddkat simulates each document as a mixture

of topics, and subsequently, the Gibbs sampling algorithm evaluates the probability
of each word appearing in each given topic. Based on these topics, LDA generates
aconcise representation of a documg@kighamdi and Alfaji 2015) In a simple

way, the LDA model inially assumes a collection &f latent topics, where each

topic contains a distribution of wordyf that is estimated frona Dirichlet

distributionb. Given theK topics, each documend { {1,..., D}) is analyzed by
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sampling a topic distribution in a dement, dy, over K topics, where the
multinomial distribution of topics in a documen, is estmated froma Dirichlet
distributionU. Then, for each wordin the document, the LDA model allocates a

certain topic,Zqi, that belongs tK (i.e., Zsi € {1,..., K}) based ondy and

subsequentlyvi is selected based on multinomial distributyoni. LDA technique
utilizes several algorithms to estimate the wasdrdbution ) and the document
topic distribution ¢). The current study uses the Gibbs sampling algorithm in the
sense that key topics can be predicted, regardless of the algorithm that is used
(Hofmann and Chisholm 2016Full details of both the Dirichlet and multinomial
distributions can be found iWinka (2000) and Correa(2001) respectively As
indicated earlier, the LDA model requires values for the hyperparanfetesU

that control botlyka n d. Aatording toGriffiths and Steyver§2004) largeb and
Uvalues could lad to a uniform topic distribution, while small valuesbadind U
provide sparser topic distribution for the dataset under investigatitms respect,

this study utilizes small values for the hyperparamefters0.01andU= 0.15
(Griffiths and Steyvers 2004)

The optimum number of topid¥) is anoher challenging step in the topic
modeling of unstructured document dataseBRerplexity isa commonly used
statistical measure to assess how well a probahbildgielpredictsa datase{Blei
et al. 2003) In this regard, for aigen k topic initiated by the LDA model,
thetheordical word distributions are compared to #heualtopic mixtures or

distribution of words in the actual documents. Accordingheo et al(2015) an
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iterative approacltan be used to determitiee number of topics for the dataset,
based on the LDA model with minimum perplexity. To do this, datasets A, 1, and

2 are randomly divided into 90% and 10% for training and testing, respectively.

2.2.3.WORD CO-OCCURRENCE NETWORK

A visual representation of data facilitates gaining insights and making better data
driven decisions. In this regard, another text classificatiethad has been used in

the current study based on theG¥am graph representation mog@elolos et al.

2018) in which the R cde (Silge and Robinson 20193 utilized to create an
alternative representation model for DPRA datasets classificatsaad losa THDF

(term frequencynverse document frequency) algorithm. This algorithm is used to
assign importance to the words in a text, in which term frequsnised to estimate

the frequency of a word in a document, while inverse document frequency
repesents the ratio between the total number of documents and the number of
documents that contain a word. Full details about this algorithm can be found in
Qaiseret al. (2018) In its most basic form, the-Bram model is a contiguous
segquence ohitems from a given sample of text or speech. These items can be
letters, words, syllables, or base pairs based on the application-GhenNmodel
classification model has the advantages of providing a -streittured
representation of dataing directed networks, in which words are represented as
nodes, while directed links are used to show the sequence of these words within the
text. In addition, tk frequency of adjacent words is represented by weights on the

links between such words.
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2.3. TEXT MINING RESULTS FORDPRA oF NPPs

2.3.1.RESULTS OF THE LDA MODEL

The LDA modek primary outcomes include tipeobability of wordw in topick,
Y kw, @anddistribution of words in each topic y k. Based on these resultee group
of words with the highest probabilities are linkeda corresponding research topic.
Figure2-6, Figure2-7, andFigure2-8 show the key topics presented in the literature
based on the LDA model results of dataset A, 1, and 2, respectively. As shown in
the figures,the font size is directly proportional to the word frequency and only
words withhigh frequencies arghown to facilitate the identification of each key
topic through these words. |t should be not
anal ysi s, system, r e-sogurrénse, frequendy hegweeenh ave a
different topics. his could contributéo two methods mentioned in the same topic
Al . e. , same word cloudo because LDA topic
with a high frequency of coccurrence in the same topic. In this regard, these
common words are excluded durinBA modeling of datagel to ensure that each
topic is represented in a particular word cloud. Finally, topic titles are identified by
the authors after inspecting the keywords comprising each word cloud.
As can be seen iRigure 2-6, the LDA analysis of dataset A provides 11
different topics, where 5 topics are considered as general topics related to DPRA,

such as Topic No.1: DPRA, Topic No. 3: general topic, and Topic 11: Nuclear

Power Plant. Therefore, the results of the LDA niddedataset A do not provide
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a comprehensive list of topics for DPRA methods. Instead, LDA analysis of
datasets 1 and 2 provides 9 and 7 topics for DPRA simulation and graphical
methods, respectively, as discussed below.
The LDA model results for datasgtare shown irFigure2-7. The words
Afevent, tree, dynamic, discr é&tremosttyonti nuou:

related to the DPRA simulation approaches iditlg discrete dynamic event tree

(DDET) and continuous evetree CET) . Si mi |l arly, the words fa
tree, dynami c, gener at eo, Aimet hodol ogy, p |
processao, and Acontrol, m airr Tiopicsg No. 2n® d e | sce

and 4 are typically connected to the DIPIYLAM and Markov/CCMT methods,
respectively. Al so, the words fAadsidac, st
5 are frequently used inthe ABSDAC met hodol ogy, whil e fAr ave
3do in Topic No. 8 are frequylbAfesultsused i n R
have shown seven topics (i.e., topics 2 to 8) related to DPRA simulation
methodologies, while topic 1 is related to DPRA simulation approaches, as

presented ifFigure 2-7. Moreover, Topic No. 9 present one of thesifrequent

applications of DPRA simulation methods in the nuclear engineering field related

to simulating theserawsw/ ppesanteds i nesgmpmpe w

model , cognitive, response, crew,s simul ati
are mentioned within topics 2 and 8, as p
tubeo, and Afl ood, wdaitelg.r , station, bl ackou

The LDA model results for dataset 2 are shawirigure 2-8. The words
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fimonitor, reliability, go-flow, methodology i n Topi ¢ No. 1 are mos:
the Gof | ow met hod. S i metHodolody glynamic flowgraphho r d s
modedb i n T o pe tgpicalyoconnedteddorthe dynamic flowgraph method,

whil edynamic network risk, Bayesiam i n Topi c No. 6 are frequ
dynamic Bayesian networltoBN) methodology. In summary, LDA results have
shownsix topics (i.e., topics 1 to 6) relateo DPRA graphical methodologies, as
presented irFigure 2-8. Moreover,Figure 2-8 shows that the LDA can identify

some general topics that are frequently used in technical writing. For example, the

w o r dadety Bystemanalysis application softwaremethod i n T daré ¢ No .
corsidered as general words that are used frequently within several scientific
research fieldgrigure2-6, Figure2-7, andFigure2-8 also show the sensitivity of

the perplexity tothe number of topics for each dataset, in which the minimum
perplexity values are attained at K equals 11, 9, and 7 for datasets A, 1, and 2,
regectively. Therefore, the current study utilized the same K values in presenting

key topics in datasets A, and 2. Ingeneral, the results of the LDA analysis of

datasets 1 and 2 show 7 and 6 technical topics for DPRA simulation and graphical
methods,respectively. Figure 2-7 shows that DET, DYLAM, Markov/CCMT,
ASD-IDAC, Monte Carlo, ADAPT, and RAVEN are the most common topics

related to DPRA simulation methods, whtlapics of geflow, Petrinet PN),

dynamic fault tree FT), dynamic flowgraph@FM), event sequence diagn

(ESD), and Bayesian networlBN) are the most common topics related to DPRA

graphical methods, as shownHigure2-8.
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2.3.2.RESULTS OF THE N-GRAM MODEL

The N.gram weighted directed network was the second text classification methods
used in the current study to investigate the literature in the field of DPRIRBS.

Using this classification methoérigure 2-9 and Figure 2-10 represent the most
frequent words in datasets 1 and 2 as a sequence of separated words through a
directed network. In addition, links connecting words with high frequencies,
relative to other words, have higher weights represented Idyab@ws inFigure

2-9 andFigure2-10. For exampleFigure2-9 andFigure2-10 show a contiguous
sequence of the most frequent words in the DPRAulstion and graphical
methods, respectively. It is clear frdfigure2-9 that DET, DYLAM, ASDIDAC,
MCDET, RAVEN, MarkovCCMT, and ADAPT are the main topics in the field of
DPRA simulation methods. Alsdhe wordsequencegsrewresponse operator
actionresponsgoperatingcrew, andhumanperformanceshow that the operator
action has been investigated through the different DPRA simulation methods.
Besides the word sequence stafidaickout, steangeneratoituberupture
represent applications of DPRA in NPPs. On d¢itteer hand, gdlow, dynamic
flowgraph, event sequence diagram, Pe#t, Bayesian network, and dynamic fault
tree are the main topics in the field of DPRA graphical methods, as shégure

2-10. As can be demonstratéom Figure2-7 throughFigure2-10, severaDPRA
simulation and graphical methods have been developt#tinuclear engingag

field. Thus, the following section presents the different DPRA methods which are

extracted from the LDA and{&ram analyses of DPRA datasets 1 and 2.
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2.4. DPRA SIMULATION METHODS

The LDA statistical analysis technique identified eiglatin topics relatedtDPRA
simulation approaches/metho#sgure2-11a andFigure2-11b present the rate of
publications in DPRA simulation methods and themulative number of
publications for each DPRA simulation methodology, respectively. As shown in
this figure, some metlimlogies have a significant contribution to the number of
publications with an increasing growth rate in the number of publication& whi
other methodologies have a stable or decreasing trend in the number of
publications. As shown iRigure2-2 andFigure2-11b, the rate of new publications
increased after 2005 and 2011. In the first phase, between 2005 and 2011, ADAPT
was developed around 2006 and contributed to new publicati@iedéb DPRA
simulation method. In addition, the rate of new publications related to-EB&

and DET increased during this phase compared to other DPRA simulation methods.
In the second phase, between 2011 and 2019, RAVEN was developed as a new
DPRA simuhltion method andsignificantly contributed to a high number of
publications during this phase. In addition, the rate of publications related to DET,
MC, and ADAPT increased during this phase compared to the first phase. It should
be noted that the ADSAC simulation metbdology made a significant
contribution to the number of published articles with 20% of the published articles
related to DPRA simulation methodologies over the last 23 years. Also, the number
of articles written using ADAPT and RAVEN dugrihe last decadindicates the

promising start for these new DPRA simulation methodologies for NPPs: ADAPT
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and RAVEN have contributed to 12% and 16% of the published articles related to
DPRA simulation methodologies over the last decade. On the other tnend
DYLAM simulation methodology has had a fixed number of publications since the
mid-1990s due to the development of other DPRA simulation methodologies.
Finally, it should be noted that an R code is developed to identify the
methodology implemented mach article athcheck the overlap between different
methodologies. In this respect, seven research studies in dataset 1 contained two
different methodologies in the same articles, particularly for ADAPT and RAVEN,
as well as Monte Calro and Markov sintida methodologs. These articles are
categorized twice based on the two methodologies that are mentioned in the article.
The rest of the published articles in dataset 1 that arghoetn inFigure2-11b are
related to the DPRAapproach without referring to any of the DPRA simulation
methodologies. The following stdections include a qualitative literature review

of these topics to investitgatheir development.

2.4.1.ToPiCc 1: DISCRETE DYNAMIC EVENT TREE AND

CONTINUOUS EVENT TREE

There are two primary simulation approaches for DPRA of NPPs, including DDET

and CET (known as the Monte Carlo simulation approach). DDET provides a basis
for discretetime DPRA simulation methods that integrate the physical response of
NPPs, the logic of theystem, and the operator actions to generate dynamic event

trees, in which branching occurs at discrete points in time. A DDET consists of
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three main parts that aretégrated to create the DPRA of NPPs: i) model of the
NPP physical and control processé¥; model of the components and crew
responses; and iii) a scheduler to control branching points. Unlike DDET, CET
allows events to occur randomly at any time. It $thdne noted that the majority of
DPRA simulation methods are related to the disetisie DPRA method, while
Monte Carlo and RAVEN have both capabilities to be applied for discrete and
continuous DPRA of NPPs. DET is the most popular method to apply tis DD
approach and is considered the basis for existing distmeteDPRA simulation
method, including DYLAM, Markov/CCMT, ADSIDAC, MCDET, and ADAPT.

As can be seen irigure2-11b, DDET, through its discreteme DPRA simulation
methodologies, has contributed to a substantial number of published articles related
to DPRA simulation methods, and thus DDET is considered the most common

approach for DPRAImulation methods.

2.4.2.Toric 2: DyNAMIC EVENT TREE (DET)

Unlike static ETs, DETs consider timing and sequence of system responses through
a scheduler that controls the timing and branching of the event tree and thus saving
the information about the systemtstaat all branching pois (Chang et al. 2003)

In DET, after the first scenario associated with a branch is completed, the simulation
returns to the previous branching point and subsequently, the saved system state is
restored to start a new sceinaAs suchthe tempaal progression and sequence of
system responses after an initiating event in dynamic event trees are determined by

a timedependent model of system evolution and branching conditions selected by
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the analyst(Aldemir 2013) Branching nodes are allowed to occur at random,
representing discrete points in tinjAcosta and Siu 1991ywhen a system or
operator action is called foAs such, the length of the time step has a significant
influence on the accuracy of the analy$tsi 2005) The procedural evolution of

the DET approach is demonstratecCimang et al(2003) In geneal, this approach

was established to consider all possible combinations of system states at branching

points, where each branch represents a new stochastic event.

2.4.3.Toric 3: THE DYNAMIC LOGIC ANALYTICAL

METHODOLOGY (DYLAM )

DYLAM is a simulation software developed by the Jointdp@an Center at Ispra,
Italy, in the mid1980s(Aldemir 2013) DYLAM was the most common simulation
methodology untilthe mid 199G, as shown irFigure 2-11a. DYLAM was
developed by integrating the timedimension into thelogical analytical
methodology modeling technique(Cacciabue et al. 1986; CojazZ996;
Nivolianitou et al. 1986)n order to create a tool that couples the probabilistic and
dynamic behavior of the system. SpecificalllYLAM considersthe dynamic
aspect generatl from the interaction between tirdependent physical parameters

of components, control and safety systems, and human actions, in which the
probability of an undesirable event is estimated by summing the probabilities of
contributing scenarios (i.e., brehes) (Aldemir 2013) As a first step, the

information regarding the physical system under investigagi@ontainedvithin
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the system simulatqCojazzi 1996; Kunsman et al. 20@Bvelopedy the analyst
(Cojazzi 1996) The system simulator is constructed by linking different models to
represent the physical systems, where the active componem®deledto have
different operating states (nominal, failed on, fileff, stuck, etc.). Once the
system simulatois linkedto DYLAM , DYLAM assigns a stochasticansitions in
the component statex initial states to each tree bransh order todrive the
simulation considering the logicastatestime-history of system components
(Cojazzi 1996; Kunsin et al. 2008)DYLAM starts attimet = 0 and a user
defined initial condition for the system. At the end of each time step, the system
simulator is used to examine the change in the system dynariables to
determine whether or not eneratea rew branch. IfDYLAM creates a hew
branch all the information about component statestoredvhen a new branching
point occurs. After analyzing an initial scenario, DYLAMturnsto the last
branchingpoint and retrieves all the stored data about compiastates at that time
in order to start a newcenario DYLAM then repeats the previous process to
identify all the possible accident scenarios. For each path, adépendent
probability is determinedwhile the probability of occurrence of a top everg
calculatecby summing thgrobabilitiesof all scenarios resulting in thep event
(Aldemir 2013; Cojazzi 1996; Kunsman et al. 2008)

DYLAM has several alternates that use different branching logic with more
emphais on the modeling of humaystem interactions. An extension@YLAM

called the dynamic event tree analysis (DETAWMcosta andSiu 1993)was
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developed to deal with the limitatismfDYLAM in dealing with thelynamicNPP

behavior and its crew following the initiation of an event. ETAM is a

simulation tool that is capable of modeling both the stochasti@tionsin the

conponent states and the operator states (I
states, quality states, and planning staf€sjazzi1996) This tool considers the
interdependence between component states,

crew actions during thaccidentscenario.

2.4.4. ToPIC 4: MARKOV /CELL -TO-CELL MAPPING TECHNIQUE

(MARKOV -CCMT)

Markow-CCMT is a combination betweehe discretestate Markov process and
the Celtto-Cell mapping technique (e.g., a systematic technique to present the
linear and nodinear dynamic characteristics of the system in disdrste and
discretized system state spa@dandelli 2008). MarkowCCMT provides an
efficient modeling technique to address the reliability of the digital Instrumentation
and Control &C ) system by considering the dynamic interactions between
different components comprising the digital I&C system, and betwéesythtem
and the control NPP physical procesggklemir et al. 2009)

The Markov/CCMT technique was utilized in a recent study to investigate the
steam generator digital water level control system inside a pressurized water reactor
(PWR) (Gomes and Saldanha 2013he obtaned resultsshowed the possible

failure scenarios that can occur due to the dynamic interactions between the 1&C
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system, the controlled process, and the various subsystems of the digital system.
Recently, Markov/CCMT was utilized ifLi et al. 2017)to assess the dynamic
reliability of the main and startup feedwater control system inside a NPP. The
results demonstrated the efficiency of Markov/ICCMT compared to static ET/FT

methods.

2.4.5.TorPiC 5: ACCIDENT DYNAMIC SIMULATOR (ADS)

The ADS has been extensively used to perform the dynamic risk assessment of
NPPs starting from 1996, as showrigure2-11a. The ADS was developed at the
University of Maryland(Chang and Mosleh 2007a; Hsueh and Mosleh 1896)

the dynamic simulation of Level-BRA, especially for largescale dynmic
accident sequencdggisueh and Mosleh 1996The ADS exhibited significant
improvement when being integratedth human reliability analysis andELAP

within dynamic risk analysi@Mercurio et al. 2009)in whichthe DDET is utilized

to generatetime-dependent scenariog®llowing initiating eventsin NPPs by
predicting the changes in both the component and crew responses during the
accident sequenceldsueh and Mosle1996) explained the ADS strategy to be
based oriibreaking down the accident analysisdaebinto different parts according

to the nature of the processes involved, simplifying each part while retaining its
essential features, and developing integration rules forsitdle application
(Hsueh and Mosleh 199%). | fon, thel ADIS has been developed to simulate
the variations in the crew resgas during NPP transient and/or accident events by

integrating the Information, Decision, and Actions in a Crew cont&xAQg )
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within a cognitive model. IDAC provides a signifi¢azontribution in simulating
the operator performance to include three mategories of operators, namely

A d e c imakierpaation maker, and consultg@hang and Mosleh 2007b).

2.4.6.TopPiCc 6: MONTE CARLO SIMULATION METHOD

Unlike the DCET, Monte CarlolC) simulation allows events to occur at any time
(e.g., represent a continuous event teg)is insensitive to the size and complexity

of the systenfHu 2005) It can also include any modeling assumptions such as the
nonfixed failure rate assumption, interaction between components and process
dynamics, and random delays. While M€ simulation metbd can result in an
inadequate representation of rare events, this can be addressed by integrating
appropriate biasing techniques. Additionally, this method provides the probability
of reaching a specific end state (i.e., reactor coreag@) without colleting
detailed information related to scenarios that lead to this end(g&gttamaseni

2011)

The MC dynamic event tredMCDET ) simulation combines the dynamic
event tree and the MC simulation method to generate aetbsitne DPRA
simulation method, in which MCDET can be integrated with severe accident
analysis code MELCOR. The MCDET method, developed at Gesellschaft fur
Anlagen und Reacktorsicherheit, aimed at achieving a realistic simulation of a
dynamic systen{Hofer et al. 2002a)and contributed to approximately 60% of
published papers related to MC method. This method generates a discrete DET to

estimate the response of dynamic parameters and probabilities along branches for
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each random event generated by Mi@sation. Kloos and Peschk¢2007)

integrated MNCDET with a Crew mdule to simulate the crew interactions with the

pl ant model, including the operatords know
and stresPan ¢ al. (2017)alsoutilized MCDET to investigate the behavior of the

level control dynamic system and the emergency standby power system due to

different aging components. The results demonstrated that MCDET provides

adequate modelling of sequences with farobabilities ofoccurrence.

2.4.7.ToPIC 7: ANALYSIS OF DYNAMIC ACCIDENT PROGRESSION

TREES (ADAPT)

ADAPT is a system softwardevelopedat Ohio State University under a Sandia
National LaboratoriesSNL) research project in 200@Kunsman et al. 2008)
ADAPT has been developed to generate automated accident progression event trees
(APET) based on the DET concept for different types of rea¢iarskovsky et al.
2018b)and has evolved for over 14 years, as showfigare2-11a. Initially, the
APET approactwasused to quantify the accident progression and containment
responses for Levels 2 aBPRAs(U.S. NRC 1990) However, APET has some
drawbacks, as described bjakobyan et al(2008). For example, the APET
approach is relatively computationally expensfitakobyan et al. 2006\hile
being a static approach, similar to the ET gsial but with explicit modeling of the
physical behavioHakobyan et al. 2008)ADAPT is used to overcome the

limitations of the APET approach by coupling the dynamic behavior of NPPs
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(MELCOR, RELAP,SAS4A)with themodeling of stochastic system evolution for
dynamic risk assessment oficlear processes. ADAPT is similar to other DET
techniques, in which the system code determines the path of the accident sequence
within a probabilistic comtxt. ADAPT has a significant advantage of running all

the branching scenarios in parallel to teethe event tre¢Hakobyan 2006)
ADAPT is capable of considering the aleatory uncertainties associated with the
behavior of active €.9., pump, valve) and passives.(, pipes, containment)
components, while also considering the epistemic uncertaisspciated wit

system parameter®.(., heat transfer coefficient, coolant floAAldemir 2013;
Hakobyan et al. 2008Futthermore, ADAPT can be used for Level 1 PRA and for

theanalysis ofany complex system that cha abstracteds an event tree.

2.4.8.ToPIC 8: REACTOR ANALYSIS AND VIRTUAL CONTROL

ENVIRONMENT (RAVEN)

Developed in 2012 at the Idaho National LaboratdNL(), RAVEN performs
probabilistic analysis considering the dynamic response of NPPs through providing
dynamic risk analysis capabilities to the thenmadiraulic simulator RELAFY. As
shown inFigure 2-11a, RAVEN has attaakd significant interest during the last
seven years because of its flexibility in terms of its interface abilities with other
code(Rabiti et al. 2014)

The first version of RAVEN (i.e., coded in pythdorused on developing a

DPRA, in which RAVEN was coupled with RELAPthermathydraulic simulator
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to derive NPP system control logic that is dictated JaWPP control logicii) crew
actions; andiii) the stochastic behavior of components and human actions
(Mandelli et al. 2014; Rabiti eal. 2012) Since then, INL has extended the
capabilities of RAVEN to be coupled with RELARB®D and BISON fuel behavior
code(Williamson et al. 2012)iIn RAVEN, the stochastic behavior of the systism
implemented by MC and DET analysis methodolodidandelli et al. 2017b;
Rabit et al. 2012)RAVEN is used to perform parametric and probabilistic analyses
based on the response ofcamplex system(Alfonsi et al. 2014) RAVEN is
comprised of a Control Logic System, GraphicaltUsterface, and a Probabilistic
and Parametric framework asmmarized bylfonsi et al.(2013)andRabiti et al.

(2013)

2.5. DPRA GRAPHICAL METHODS

The LDA statistical analysis technique identified six topicktesl to DPRA
graphical methodszigure2-12a andFigure2-12b show the rate of publications in
DPRA graphical methods and the cumulative number of publications for each
DPRA graphical methodologies, respively. As can be seen kFigure2-12a, the
dynamic flowgraph method contributed to approximately 32% of the published
articles related to the DPRA graphical interface methods since 1995. PNs also
account for a sigficant propation of publications, with approximately 25% of the
published paper related to DPRA graphical interface methods. Moreover, the
number of articles published using DBNSs indicate that this graphical method is

promising for DPRA of NPPs. Specifibg as show in Figure 2-2 and Figure
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2-12b, the rag¢ of new publications increased after 2005 and 2011. In the first phase,
between 2005 and 2011, the rate of new publications related to DFM increased
during this phase compared to @tDPRA graphical methods. In the second phase,
between 2011 and 2019, DBN was developed as a new DPRA graphical method
and significantly contributed to a high number of publications during this phase. In
addition, the rate of publications related to-How, PN, and DFM increased
during this phase compared to the first phase. On the other hand, ESD publication
showed a decreasing trend over the last decade with limited articles compared to
other DPRA graphical interface methods. Finally, it should be nb&dn R code

is developed to identify the methodology implemented in each article and check the
overlap between different methodologies. In this respect, six research studies in
dataset 2 contained two different methodologies in the same articlesulaali

for Petri Net and Bayesian Network, as well asKkmv and Bayesian Network
graphical methodologies. These articles are categorized twice based on the two
methodologies that are mentioned in the article. The followingseahions include

a qualitaive literature review of these topics to investigate their development.

2.5.1.Toric 1: Go-FLow

The GoFlow methodology was presentedli®85as a reliability analysisethod
(Matsuoka and Kobayashi 1985, 198&iith a large poportion of published articles,
as shownn Figure 2-12a; however the contribution of this methodology to the
DPRA graphical methods deeased after developing thdynamic flowgraph

method (Topic 4) at the beginning of the 1990s. TheF®&w methodology is a
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succesriented system analysis techniqueedido evaluate the reliability and
availability of dynamic system®latsuoka 1988)As a key step, the Gelow chart

is developed to represent the function of operatongpoments/systems in addition
to the majority of the operating system conditiffekeshi 201Q)A recent research
study integrated the GBlow methodology with the DBN (Topic 6) for uncertainty
analysis for theauxiliary paver system of a NPP under different input for the
operator action, in which the resukbowed an enhancement in the reliability
evaluation of the Gélow methodology, providing the operators with valuable risk
information for the safe operation of NPfRen et al. 2017)Another recent study
utilized the GeFlow methodologyfor the risk assessment dhe auxiliary

feedwater system in a PWRinyu et al. 2017)

2.5.2.Toric 2: PETRI NETS (PNS)

In 1987 Leveson and Stolzy1987) explored the ability to use time Petri net
modeling in the design and analysis of safatjical dynamic system®etri net is

a graphical and mathematical modeling tool that can set up algebraic equations that
describe the characteristics of many systes Peti net contains places (i.e.,
possible states of the system), transitions (i.e., events or actions that may occur and
have an influence on the state of the system), and arcs that connect places and
transitions. Places in PN may contain a numbeokéns {.e., conditions or input

data related to the place), in which tokens are used to simulate the dynamic,
concurrent, and asynchroncaivities of systemdviany extensions of Petri nets

have been developed, including deterministic PBnek et al. 1994)stochastic
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PNs(Murata 1989)colored PNgCho et al. 1996and hybrid PN¢David and Alla

2004) Colored PNs were utilized to analyze the critical safety of several systems
after the shutdown of a Korean NP€ho et al. 1996 In a different study, PNs

were utilized to model the dynamic process of the emergency management system

within the Khaskovo NPPTavana 2008)

2.5.3.Toric 3: DYNAMIC FAULT TREE (DFT)

The DFT approach was developedygan(1991)to overcome the limitation of

static FTs by adding additional dynamic gates to model the complex dynamic
interactions. Secificaly, this approach is an extension of FTs that can capture the
dynamic features of complex systems, in which Markov analysis is utilized to solve
dynamic gates such as the priotKND gate, sequeneenforcing gate, the standby

or spare gate, anddhfunctonal dependency ga®ugan et al. 1992)Several
software packages such as DITree and later Galileo have been developed at the
University of Virginia to solve DFT{Dugan 2000; Dugan etl.a&2000). Another

DFT method was proposed by Ceg@epin 2001; Cepin and Mavko 200®)

extend the classical FTs witime requirements in a way that reduces the system
unavailability and assesses the actual ttlependent risk profile. Both DFT
methods have limited dynamic characteristics; these approaches are not capable of
dealing withthe full spectrum of dynamic siem featurefHu 2005) As such, the
dynamic interaction betweedlifferent components/systems darthe process

parameters are not easily captured by DFT metfiddmdHosseinian 2007)
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2.5.4.TorPiCc 4. DYNAMIC FLOWGRAPH METHOD (DFM)

DFM is considered one of the stamportant DPRA graphical methods to assess
the safety/reliability of NPPs. This method was developed in the early 1990s
(Garrett et al. 1993pased on the logic flowgraph method but with dynamic
characteristics. The DFM is a dted graph that is analyzed at discrete time steps
(Karanta 2013)This method is used to model the logical and dynamic behavior of
complex systems, includingpe interdependence betweentsys parameters such

as hardware, software and operator actions. DFM models contain vertices and edges
to represent the system, in which vertices represent the components and variables,
while edges represent the interactiotwsen such verticggyrvainen 2013)The

DFM models were developed in terms of cause and effect relationships between the
physical variables and the statef control systems. This meith can be used to
identify the root cause of a top event or to trace event propagation i(Kiaranta

2013) For example, DFM has been applied to assessdtiald&C system for the
feedwater control system through different scenarios, such as the failure of the main
computer or thenain feedwater control vai&in et al. 2013) The obtained results
demonstrated the ability of DFM to find theots (i.e., initial eventshat lead to

the top event.

2.5.5.Toric 5: EXTENDED EVENT SEQUENCE DIAGRAM

In 1999 Swaminathan and Smid{4999a)proposed a mathematical model to

extend the event sequence diagrams to allow for modeling of dynamic scenarios.
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Static Event Sequence DiagraBSD) is agraphical method used to present both

the success and failure scenarios starting from an initial éwentinal state. The

main breakthrough in ESD occurred wHanwaminathan and Smid{$999a; b; c)
extended the static ESD to capture dynamic phenomena such as time conditions,
physical conditions, ampeting events, synchronizations, concurrent independent
processes, mutually exclusive processes, eyalic scenarios. However, the
Extended ESD has not been fully developedXigset al. (2010) showed some
limitations in the proposed icons that can affect the modeling of many dynamic

SCenaios.

2.5.6.Toric 6: DYNAMIC BAYESIAN NETWORKS (DBNS)

DBNs are probabilistic networks based on graph theorycandoe considered as
one of the most promisingodeling techniques utilized to assess the reliability and
safety of dynamic systems recen{Boudali and Dugan 2@) Langseth and
Portinale 2007; Mahadevan et al. 200Rccording to Weber et al.(2012)
Reliability Engineering and System Safatplished a significant number of articles
related to DBNsand their applications to risk analysis between 1999 and 2009.
Although this modeling technique can add value to the NPP monitoring processes,
the appliation of DBNs to investigate the safety of dynamic NPP systems is still
limited (Jones et al. 2016)

DBNs are a graphical method that contains a set of nodes, representing
random variables that can changdéwime, and directed links between these nodes,

representing temporal probabilistic dependencies between the connected variables.
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DBNs allow the modang of random variables and investigation of their influence
on the future distribution of other varias{\Weber and Jouffe 2@). For example,
Varuttamasen{2011)integrated DBNs with reactor transient code to evaluage t
time-dependent core damage frequency following a-tddeedwater accident. A
combination of discretBET (implemented through ADAPT), MELCOR, and BN
techniques were also integrated to provide a new-imfskmed accident
management framework for NPRagnostic suppor{Groth et al. 204). In a
different study,Jones et al(2016) investigated the viability of the developed
framework through DBNs. The developed DBN was utilized to investigate the
conditions of observed power plant parameters that could lead to transient
overpower and loss of flow aidents. Based on this framewo@aoth et al(2018)
developed a prototype rdel to analyze and investigate the generic sodium fast
reactor states following the loss of flow and kquakeinduced overpower
transients. Another recent application utilized DBNSs to assess two critical systems,

namely the fire alarm system and the stegenerator systef@min et al. 2018)

2.6. CURRENT CHALLENGES AND FUTURE RESEARCH ROADMAP

DPRA methodologies have been extensively utilized to investigate the crew
behavior and the dynamic response of NPP systems following an internal event
such as lossf-feedwater, st@gon blackout, and shutdown of the safety system.
Although numerous papers related to DPRA of NPPs have been published in
journals and conference pr@mings some key challenges still need to be

addressed. DPRA methodologies adopting dynamic event tregse extensive
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information associated with all the possible accigmtguence scenariesce each
branch contains evolution over time of a large number of system variables, and
therefore can generate a large number of bran@®asdelli et al. 2013a)in this
respect, DPRA methodologies are comapionally expensive and memery
intensive with a storage requirement of gigabytes or hi(Mandelli et al. 2018)
and can be challenging to organize anterppret the underlying data toward
identifying scenario evolutions and the primary risk contributors for each initiating
event(Zio 20M). In addition, such a large amount of information can lead to
complexity in extractingiseful information and provide an insufficient estimate for
the risk and its associated uncertaifidandelli et al. 2013b)As a result of these
challenges, to date, DPRA methodologies have only been used to simulate critical
situations for small subsystenwvghen the interactions between the process variable
and the control systems are importanivhen operator actions need to be explicitly
modeled; these methodologies have limited applications in the risk assessment of
large/complex system@/aruttamaseni 2011)Moreover, the Fukushima nuclear
accident demonstrated the importan€ewantifying the risk of multunit NPPs;
however, only dimited number of studies have analyzed the risk associated with
the dynamic interaction between multipleits under normal and abnormal events
(Mandelli et al. 2017b)

The rate of pblications on DPRA of NPPs has grown rapidly due to the
importance and the promising potal of DPRA approaches.DPRA

methodologies experienced major evolution over four decades to continuously
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enhance and improve the overall safety of NPPs. Somes# thethodologies are

still being developed and improvedlaboratories, universities, and organizations.

In addition, some of the key challenges mentioned above are currently under
investigationlIn this regard, the current study presents a set of réss@eams that

need to be considered in future studies. This study demonstrates the importance of
improving and/or developing DPRA tools that are capable of simulating large
subsystems within NPPSuch complex and interdependent subsystems need to be
predsely simulated to consider all the scenarios that may occur during the operation
of NPPs. In addition, muHinit risk is an important issue in several countries and
needs to be addressed compnraiieely since the majority of NPPs contain more
than one ractor unit(Kumar et al. 2015)Thus, multiunit DPRA of NPPs is a
crucial research stream that requires several studies wsabsesafety of NPPs
under normal or abnormal operatinghddions(Mandelli etal. 2017b) Moreover,
several algorithms (e.g., regress models, artificial neural networks, cluster
analysis, machine learning) have been developed recently to analyze large amounts
of information; these methods/algorithms can be used for datagniDPRA

data to extract useful information from largeadséts. This study also recommends
the importance of continuous funding for researchers, universities, and laboratories
to support the developed work in DPRA methodologies. Recent DPRA
methodologis (e.g., RAVEN, ADAPT, DBNs) have shown great potential in
DPRA of NPPs; these methodologies are under development, and it is

recommended to consider the challenges mentioned above in their future
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development efforts.

2.7. CONCLUSIONS

NPPs are complex dynamicystemsof-systems because of their internal
interdependencand their connectivityo other external systems. Previous research
studies have been conducted to develop DPRA methodologies that take into
account the dynamic interactions between hardwareyait and operator actions.

In this respect, a total of 38drticles published irb0 different journals and
conferences from 1981 to 200@&s analyzed in the current study using text mining

to identify the key topics in the field of DPRA of NPFhelLDA tgpic modeling

was used to identify and categorize publishéttles in terms of their topics. An
N-Gram classification model was also developed, providing visual networks to
evaluate the DPRA research topics. Afterward, quantitative measures were
performedto estimate the temporal distribution of these topics tmar decades.
Based on such quantitative analyses, a qualitative literature review was presented
to show several DPRA simulation/graphical methods and their corresponding
applications within theurclear engineering field, in addition to investigate thexma
challenges facing the current DPRA approach.

The analysis results identified eight topics related to the DPRA simulation
approaches/methodologies and six related to graphical methodologies. LDA results
demonstrated that the discrete dynamic event gesgne of the most common
approaches for DPRA simation methodologies. In addition, RAVEN, ADAPT,

and DBNs all showed a growing trend among recent publications related to DPRA.
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Furthermore, the results showed the significant impact of both-IBAE and

DFM in publications on DPRA simulation and graplicethods, respectively. In
addition, the quantitative analysis showed several applications of DPRA simulation
methodologies related to station blackout, fire, flood, steam generator tube rupture,
and operatoactions.

Text mining analysis and quantitagiViiterature review presented in the
current study demonstrates the impact of DPRA methodologies in enhancing the
safety of NPPs by overcoming the limitation of static PRA. Several universities,
laboratories,and organizations are continually working onpiaoving and/or
developing DPRA methodologies for NPPs. However, the qualitative literature
review of DPRA methodologies has highlighted specific challenges in simulating
large/complex systems and analyzingssige data for a considerable number of
scenarig, highlighting the necessity of developing a more efficient DPRA platform
that can overcome the current limitations of DPRA and enhance the overall safety
of NPPs. Further research is requitecddress DPR-related challenges, such as
simulating severasubsystems, considering the dynamic interaction among-multi
units, and analyzing the large value of DRB#a in order to improve our

understanding of DPRA of NPPs.
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2.9. NOTATION

The following symbols are used in this paper:

D = Number of documents;
d = Index of documentgd~ {1,..., D});
K = Number of topics;
k = Index of topics(kn {1,...,K});
Wi = Wordi in document;
Zii = Topic assignment for wondgi from document;
d = Topic distribution;
da = Multinomial distribution of topics in a documediit
U = Dirichlet prior on the pedocument topic distributions;
b = Dirichlet prior on thepertopic word distributions;
Y = Word distribution;
Yk = Distribution of words in topid;
Y kw = Probability of wordw in topick; and
V2 _ Multinomial distribution of topc assignment for wordig; from

documend.
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Chapter 3: System Dynamics Simulation bthe Thermal

Dynamic Processes in Nuclear Power Plant

ABSTRACT

A nuclear power plant (NPP) isheghly complex systerof-systems as manifested
through its internal systems interdependence. The negative impact of such
interdependencwas demonstratethrough the 2011 Fukushima Daiichi nuclear
disaster. As such, there iscaitical need for newstrategies toovercome the
limitations of current risk assessment techniqeeg. (the use oftatic event and

fault tree schemes), particularly through simulatidntiee nonlineardynamic
feedback mechanisms between the different NPP systems/components. As the first
and key step towards developing an integrated NPP dynamic probabilistic risk
assessment platform that can account for such feedback mechanisms, thte curre
study adopts a system dynamics simulation approach to model the thermal dynamic
processes in: the aetor core; the secondary coolant system; and the pressurized
water reactorThe reactor core and secondary coolant system parameters used to
develop sym dynamics models are based on those of the Palo Verde Nuclear
Generating Station.These three systemdynamics modelsare subsequently
validated, usingesults from published work, under different system perturbations
including thechangan reactivity,the steam valve coefficient, the primary coolant

flow, and othersMoving forward,the developedystemdynamics models can be
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integrated with other interactingrocessesvithin a NPPto form the basis of a

systemlevel (systemic) dynamikdsk assessmemdol.

Keywords: Nuclear power plant; Pressurized water reactor; Dynamic probabilistic

risk assessmenBystem dynamics; Thermal dynamic processes.
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3.1. INTRODUCTION

Nuclear power is considered a vital solution to the continuous demaiteéor,
secure, suainable and reliablenergy (IAEA 2016). The 448 nuclear power
reactor units currently openafy around theworld provide 10.4% of the glolba
electricity (World Nuclear Association 2019)hile atotal of 60 and 16&initsare
currentlyundergoing their constructicend planning stages, respectiv@Barrett
2017) As a result of their associated casticlear power plants (NPP) are mega
infrastructure thahreexpected to operate for a relativétyg timespan, whereas
the plant design and planning decisions must accoumibfasrmalevents Recent
events €.g., Fukushima Daiichi nuclear disaster)vikahighlighted thanatural
hazardintensity can exceed thatriginally usedfor plant design(Hassija et al.
2014) In addition to natural hazards, anthropogenic hazads, {ire, internal
flooding, and humamade errors) might also initiate events that lead to a
component and/or symn failure. In addition, both naturaind anthropogenic
hazards can, independently or through interaction, trigger cascade disasters
(defined adisasters in which impacts progressively increase over time and cause
unexpected secondary events of more §igant consequence@escaroli and
Alexander 2015) throughout a majo part of or the entire NPP, due to
component/system interdependengeich disastershave been known to cause
major failures in NPPg(g.,Three Mile Islandaccidentin 1979, Chernobyl disaster

in 1986, H.B. Robinson NPP fire event in 2010, RoushimaDaiichi disaster in
2011), as described hyittle (2002) Mosleh (2014) and Perrow (2011) NPP
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disasters can cause substantial economidanthn losses wherigr example, the
Fukushina Daiichi disaster resulted in the release of a large amount of radioactive
material(Chino et al. 2011)and more than 100,000 peoplere forced to evacuate
communities within 25 miles from the NFRolt et al. 2012)The etimatedtotal
cost of this disaster is 500 billion U.S. doll#&SME 2012) whichincludesthe
costsfor cleanup and damaged units decommissioning and compensation to the
affected people.

NPPs have typically been designed and constructed emgldgieministic
safety approaches, as described by IAEA safety standards (Ne2)SHAEA
2009)and(Dawson 217) These approaches assume that all the required functions
canbe achievediuringnormal andabnormal operationglthough there is &igh
level of confidencen NPP components when designed using such approaches
(CNSC 2017) there is still gprobability that a componentioes not prform as
expected undemormaloperation scenariogpnormalevents, and extreme events,
which necessitated adoptipgobabilistic riskassessmerfPRA) approachefRA
is an analytical technique that integrates the frequency of external/internal events,
accident sequences, human reliability analysis, and the probability of components
failure in order to evaluate NPP safety, as desciidteU.S. Nuclear Regulatory
Commission repolUREG/CR2300(1983)

The U.S WASH-1400 was the firsinajor PRA framework that investigated
many accidentsequences in NPP and provided quantitative estimates afsth

associated with theseequencegBartel 2016) The WASH1400frameworkuses
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static event and fault tree analysis schemes to simulate the acsidgnences
following an extreme eventAlthough such risk assessment techniques have
experienced significant improvements, all these improvements essentially followed
the WASH1400 framework developed more than 40 years ago, as illustrated by
Mosleh(2014) Dawson(2017) andMoieni and Spurgir§1994) As such, current

risk assessment techniques still have significant fundamental limitations including,
for example, thedifficulty of developing accident scarios for NPP risk
assessment through event and fault trees, as such prescribed trees might be
insufficient in terms of predicting new scenarios. The event and fault tree
limitations are partly attributed to the lackaccurate physics representation when
NPP systemsd dyn ainduced failurdas eare cenpidenedd dhec e
limitations are also attributed to the inability to identify the exact timing of the
failure-initiating events and the corresponding valuthefsystem variables at such

a time(Mandelli etal. 2017a)

Limitations of current PRA and the occurrence of severe NPP accidents have
raised the need to develop adequate methodologies that take into account the
complexity of hardware/software/operator intei@ers inside NPP (Nejad
Hosseinian 2007)As such, developing a dynamic PRA approach has been
identified as key to overcoming the limitations of current PRAndgic PRAIs
developedin a way that considers the timing and sequencing of events during
hardware/software/operator action interactiphislemir 2018) which is essential

for NPP risk assessmefiandelli et al. 2013a)Simulation methods of dynamic

87



Ph.D. Thesi§ M. Elsefy McMaster Universityi Civil Engineering

PRA have been evolving over the paset decades includiigY LAM (Amendola
1988) DETAM (Acosta and Siu 1993ADS (Hsueh and Mosleh 1996ADS-
IDAC (Coyne ad Mosleh 2014) MCDET (Hofer et al. 2002h) ADAPT
(Catalyurek etal. 2010) and RAVEN (Alfonsi et al. 2013h) These platforms,
however,need to bentegratedwith NPP simulators such as RELAB.S. NRC
1995)and MELCOR(Gauntt et al. 2000that reoresent the dynamic bavior of

NPP.

3.2. SYSTEM DYNAMICS SIMULATION APPROACH

In order toimprove risk assessment techniques of NPP, there is a need for an
integrated platform that simulatéee NPP dynamic processes, and thus their
responses undabnormalkevents.In this respect, the current study adopts a system
dynamics §D) simulation approach to assess the dynamic response of different
systems in pressurized water reactor (PWR) assa $itep in developing an
integrated dynamic PRA platforr8D is asimulation approach has been adopted

in many disciplinesandit is typically usedo simulate the dynamic behavior and
interdependence within large complex systems, as describ8driness2004)
Staman(2000) andBala et al(2017) SD was first developed in the 1950s by Jay
Forrester as a wato investigatethe behaviorof complex economic and social
systems. Bcently, SD has had extensive applications in simulating numerous real
world applications(Grigoryev 2016) The concepts of S@re presentedin a
simplified manner through graphsida basic algebraic formulation rather than

complex mathematical/numeaic models. For examplefigure 3-1 shows a
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schematic diagram of a PWR SD model, whitye feedback loopsstocks,and
flows (e.g.,therate of change in stocks) are used to represent the parameters and
simul at e t h e peceebegForrestey 2009reedback looparekey
in SD as they control ehdynamic interdependence between the different system
componentswhereas stocks are used to quantify the system parameters at any time.
SD isessentiallya system of differential equations that analyzechumerically to
simulate the behavior of compleystemg(Borshchev and Filippov 2004)

Similar to other disciplines, although not to the same extent, models based on
SD havebeen recently developddr nuclearapplications, such as to investigat
the nuclear fuel cycle starting from the mining and enrichment processes to
repository disposdl¥acout et al. 2005)n a different studyJeong and Boi (2007)
investigated the fuel cycle process in Korea usir§Dmodel andllustrated the
importance ofising the spent PWR fuel in both the Canada deuterium uranium and
sodum-cooled fast reactorm order toreduce thespentfuel inventory. Another
recent application of SD was to investigate the effect of generating nuclear power
on economic, environmental, political, and social aspects in Singéploiae et al.
2015) SD was also recently useditwestigatethe developmerof nuclear power
in China, combining differenaspectghat have influence on thenuclearpower
development such as electricity consumption, power generation, and uranium
resourcegGuo and Guo 2016While a SDsimulation approach hdmseen usedh
the above referenced nuclear applications, to date, no study has applied SD to

simulate the thermal dynamic processea MPP
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The ultimate goal of the current mufthase study is to develop a dynamic
PRA platform to enhance current risk assessment techniques through considering
the complex dynamic interdependence between NPP systems/components in one
platform.As a first step n thisendeavarthe objective of this phase of the current
study is to simulate the nonlinear behavior of tthermaldynamic processes in a
PWR using SD simulation approadhcludingthe physical response of multiple
parameters/systems inside a NPP thay lead to sysin failure.In this respect,
three SD models are developedsimulate the nonlinedrehaviorof the thermal
dynamicprocessedor the reactor core, secondary coolant systemcomplete
PWRbasedn the PWR behavior describedTlihakkar(1975) Kerlin et al.(1976)

Ali (1976) Arda et al.(2013) Arda (2013) and Puchalski etal. (2017) The
developed PWR models can later be further integrated with other system models to
map the event consequence propagation throughout different NPP systems, thus
overcoming the limitations of current static fault and treenéwree analysis
schemes. A concise backgroundtbermaldynamic processes inside theactor

core and thesecondary coolant system (SAS)provided nextAfterwards the

reactor core, SCS, and complete reactor simulatiodelsarevalidated using the
results from published daférda 2013) Finally, theresponsesf the developed

SD modelsare evaluatedinder severatlifferent perturbationsn primary coolant

flow and temperature, external reactivity, and steam valve opening events.
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3.3. SYysTeEM DyNAMICS M ODEL DEVELOPMENT OF PWR

The primary function of a PWR is tmnvert the heat energy producedupgnium
fission to electric power. In the PWRyeactor pressure vesdallds the enriched
uranium fuel required for the fission reactiohBese reactions take place inside the
RPV, generating heat energy and radio&cthaterialsNext, a highpressure liquid
(water) is circulated in a primary coalasystem to cool the reactor corkhis
resultsin hot waterthat leaves theeactor pressure vesgaroughhot legs to the
metal U-tubeinside a steam generator. Finalllge steam generator transfers the
heat to lightwater to produce steam that tum drives the turbine t@enerate
electricity. Aschematic diagram of tH&WR generating unit, including the reactor
pressure vessel, steam generator, turbine, hot and gslddshownin Figure3-2.

In the current study§D is used to simulate titeermodynamic procegse.,
theenergy production, storage, transé@dconversionin the PWR, including the
reactor core, the plenums, thet and cold legs, and tlsteam generatoil hree
modelsare established to predict the nonlinear behavia ocdmpletePWR and
validated usinghe work ofArda(2013) The three models are intendeditmulate:

1) the thermodynamic process in the reactor core; 2) theditynamic process in
the SCS$ and3) the interdependence between the reactor core and theT8ES.
reactor core and SCS parametars based on those of the Palo Verde Nuclear
Generatiig Station(Arda 2013) Table 3-1 and Table 3-2 summarizethe reactor
core and SCS parameters, respectivaladdition the delayed neutron fractiobs
and the delayed neutron precursor decay constafis the six delayegheutron
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growps are based oPRuchalski et al.(2017) The termodynamic process
represented in SD models fiyst-order differential equations. These equations
control the interdependency among the different PWR dynamic pteesre.g.,
reactor thermal power, reactor fuel giriimary coolant temperatures, reactivity of
reactor coremetal tube and secondary coolant terapees, and steam pressure in
steam generatpin terms ofstatic parameters such as the heat transfdéficeats,

coolant flow, and fuel and coolant masses.

3.3.1.MODEL |I: THERMAL PROCESS IN THE REACTOR CORE

SYSTEM

The heat transfer process inside the reamoeis simulatedas afunction of the
reactor core thermal powerhis thermal power is represented hyim kinetics
equationssince the reactor power is controlled by reactivity feedbadks to
deviations in fuelprimarycoolant temperatures, and external reactivity induced by
control rods. Reactivity is assumed to be zero in the reactor steady staigoope
phase. During the reactor powaaneuvering, the reactivity feedback mechanism
is controlledby equatior{3-1].
R I 1Y =Y 1Y [3-1]

The linearized point kinetics iBgs [3-2] and[3-3] control the reactor core
thermal power with the influence of delayed neutron precui§derstadt and

Hamilton 1976)
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— — 0B _1606 ="  —IY —1Y —I7Y
[3-2]
— b _16fQ pemy [3-3

The current study (Kedini 1978 repreddatrine 6 s model
deviation in the primary coolant andefuemperatureg\s shown inFigure3-3, this
model includes one node for the uranium fuel tempegadnd two nodes for the
primary coolant temperature. In the reactor steady state operation phase, the reactor
thermal power is constaahdthere is no deviation in the reactor fuel and coolant
temperatures. As such, fluctuation in the reactor thermakp@wvachievedby
changing the reactor core parameters such as the inlet coolant temperature, external
reactivity,andprimary coolant flowAfterwards the feedback mechanism causes
a deviationin the overall PWR respons€he reactor core parameters usedhe
current studyare providedin Table 3-1, as mentioned earlier. Equati¢d-4]
represents thdeviationin the reactor fuel temperaturehile Eqgs [3-5] and[3-6]

control thedeviationin the coolant tempature nodes from the steady state.

z

— — 0 1Y 1Y [3-4]
— — 0 —— 1Y 1Y —1Y 1Y [3-5]
— — 0 —— 1Y 1Y —1Y 1Y [3-6]

The thermal dynamic process of the reactor corenipldied in the current
study using the following assumptioffauchalski et al. 2017}) the fuel to coolant

heat transfer coefficient is constant; 2) the coolant flow is one dimensional; and 3)
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the coolant is a single phase with constant density and specific hea

The dynamic parameters of the reactor coeeg,( fuel and coolant
temperéures, reactor thermal power, and reactivity) are modeled using stocks. The
rates of change of these parameters controlledoy the feedback from multiple
dynamic parameters asthtic parameters such as the fuel and coolant masses, heat

transfer coeffient, and coolant flow, as shownhigure3-4.

3.3.2.MODEL |l: THERMAL PROCESS IN THE SECONDARY

COOLANT SYSTEM

The steam generator contamsnberof metalU-tubes for the primary coolant flow
process. These tubes are essential components that separate the secondary and
primary coolantsn order topreventthe transfer of radioactive material to the SCS.
Theprimaryfunction of thesteamgener#or is to conert the heat energy stored in
the primary coolant into electric powefThis is performedby boiling the water
inside the steam generator to produce steam that drives the turbine of an electric
generatorNext, this steam is condensed and reéd to the steam generator.

The thermodynamic process in the steam generator consists of two heat
transfer processes. First, the heat stored in the primary coslaansferredo the
metal tubes. Second, theatis transferredrom the metal Lkubes ¢ the secondary
coolant A simplified simulation for the thermodynamic process in the steam
generatoris performedby representing the SCS using five lumps, as shown in

Figure3-3. The primary coolant and-tiibes are each represented by lwopsto
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simuate the two branches of-tubes, whilehe secondary coolant is simulated by
only one lump

Several aspects of the thermodynamic process in the steam generator are
consideredAli 1976 Arda 2013) 1) the heat transfer coefficients are constant
during the reactor fluctuations; 2) the thermal conductivity of the steam generator
metal Utubes is constant; 3) the coolant flow is @himensional; 4) the properties
of the saturatedater and steam are constant over the steam pressure range of 600
1000psi; 5) the feedwater flow is controlleide(, the feedwater flow is equal to the
steam flow); and 6) and the steam flow rate is controlled only by the steam generator
pressurei(e., critical flow assumption).

In order to simulate the heat transfer @exinside the steam generator using
SD, the differential equations of the SCS dynamic parameéegs, primary
coolant, metal ktubes, secondary coolant temperatures, and steam @easel
adopted using the following physical phenoméhiada 2013) 1) heat balance for
primary fluid; 2) heat balance for metal tube; 3) secondary fluid (liquid and steam
phase) mass balance; 4) steam generator volume balemcehgé change of
secondary coolant volume plus the change in the steam volume is zeitd)) a
secondary fluid (liquid and steam phase) energy balakigebraic substitutions
are also performed to yield the following differential equations. After linearization,
deviationsin primary coolant and metal-tlibe lumptemperatures are expressed
by Egs [3-7], [3-8], [3-9], and[3-10], respectively. FinallykEqgs [3-11] and[3-12]

represent thdeviationin the steam pressure inside the steam genefdtersteam
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generator paramets used in the current stuae providedn Table 3-2. The steam
valve coefficient (€) in the SD model is calibrated to predict thermal dynamic

behavior of the SCS si mi | asrcoeffiadentis o t of Ar d

reportedn Arda (2013)
— =Y — =1 — [3-7]
— Y — =Y =Y [3-8]
— Y — —1Y — —0 [3-9]
—_— Y — —1Y — —10 [3-10]
A " o . 7\I/ 5Yép 7\I/ OY O0c — — - 't
W EY Y Y SY eY , ) REE
o v — 6 w Y :,:
u 0 Q1Y O @Y1 u
[3-17]
0 a — a — a —— [3-12]

Stocks are used toepresentthe primary coolant, metal -tbe lump
temperatures, ansteam pressurdéquations[3-7] to [3-12] provide the rates of
change of these parameteidi other parameter(g.,coolant residence timajass
of coolant, coolant flow, andanassof metal lump)are consideredhs static
parameters fasimplicity of themodel.As can be seen irigure3-5, the SD model
of the SCS shows feedback loops between the system dynamic parameters (

stocks) and the static parameters.
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3.3.3.MoDEL Illl: THERMAL PROCESS INTHE PRESSURIZED

WATER REACTOR

The thermal dynamic process for the reactor core upper (oatidtlower (inlet)
plenums, steam generator outlet and inlet plenums, and the hot and cadelegs
combinedwith the reactor core and SCS models to present a better representation
for the whoe PWR, ashownin Figure3-6. The primary coolantesidencdime
values inside the plenums, cold and hot lagsprovidedn Table 3-3. Following

the thermodynamics procedure, the linearized differential mopsdB-13] to [3-

18] are etracted More specifically,Eqs [3-13] and [3-14] define the coolant
temperature deviation in the upper reactor core and lower plenums Bgkil-

15] and[3-16] represent the coolant temperature deviation in the inlet and outlet
steam generator. Filyg Eqs [3-17] and[3-18] provide the coolant teperature

deviation in the hot and cold legs.

— — 1Y 1Y [3-13]
— — 1Y Y [3-14]
— —1Y 1Y [3-19]
— — 1Y 7Y [3-16]
— —1Y 1Y [3-17]
— — 1Y 1Y [3-18]
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3.4. SYSTEM DyYNAMICS M ODEL VALIDATION OF PWR

3.4.1.MoDEL |: THE REACTOR CORE SYSTEM

Thethermaldynamic process in the reactor casevalidatedunder an increase in

the external reactivity tx) by 7.%10° at 10 s, to facilitata directcomparison with
available datgArda 2013) This action is followed by an increase in the tnenl

flux that subsequentlgauses an immediabecreasdan the reactor thermal power.
After reactor stability, the reactor core thermal power increases to 24.8 and 27.9
MWt h i n the SD moldespectieely,das shawd @dgue3-7amo d e
Increasing the thermglowerof the reactor core is accompanied by an increase in
the temperatures of the fuel and coolant nodes, as shoWwigune 3-7b. This
initiatesnegativereactivity feedback that drives the total reactivity to decresse.

can be seen iRigure3-7a, although the SD model shows a considerable difference
inthermalpower el ati ve t o Ar dads imeaseihexternmamedi at el
reactivity at 10 s, the reactor power after stabilization is simulated accurately by the
SD model with a deviation of only 11%s shown inFigure3-7b, the reactor fuel

and coolant temperatusalues estimated by the SD model are lower than those

calculated fromA r d mddsl by 11%.

3.4.2.MoDEL Il: THE SECONDARY COOLANT SYSTEM

Thethermaldynamic process in the S@Svalidatedunder an increase in the inlet
coolant temperatureT) by 10F at 5 s wuthout changing the steam valve

coefficient C.). Thisis followedby an increasén the temperature of the primary
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coolant lumpsTpz, Tr2). Additional heats transferredrom the primary coolant to

the metal Utubes. As a result, the temperature of ¢hésbesincreasesand

additional heat energyis transferredto the secondarycoolant, whichin turn
generateadditional steantigure3-8a shows similar increases in the cooldmt)

and metal WYube {Tm1) tempeatures after an increase in the inlet coolant
temperature in both t hSabsé&entlyasiciedseeand Ar dabd
in Figure 3-8b, the steam pressure in the steam generator increases because the

steam vlve openingis maintainecconstant. The dynamic paratees of the SCS

(i.e.,primary coolant, metal tube temperatures, and steam presstire 5D model

and Ar da 0 ssiniabeihear slymamic responaéteran increase in the

inlet coolant tempature.As can be seen iRigure 3-8b, the steam pressure is

increased by 51.1 and 52.4 psi in the SD model andlA 6 s model , respect

minor deviation of only 2.5%.

3.4.3.MoDEL |ll: THE PRESSURIZED WATER REACTOR

Thecompletethermodynami@rocess irthe PWRis validatedunder an ingase in

the external reactivity.This investigates the dynamic response of diffiére
parameters in the SCS to small perturbations inside the reactor core. A positive
reactivity of 7.%10°is appliedat 10 s without changing the steam valgefficient

As shown inFigure 3-9a, the reactor fuel temperature increases following the
increase of thexternal reactivity. This causesore heat energip be transferred

from the primary coolant system to the S@S. a result, additional steam is

produced that causes an increasthe steam pressure, as showRigure 3-9b. It
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should be noted that the reactor core inlet coolant temperadtajerncreases after

a complete primary coolant cycle, as showkigure3-9a, which in turn causes a

high negative reactivity feedback. As such, the fuel temperature decreases after
reaching the maximum value in both the
maximum diffeence between the models of 15%. As camsden inFigure 3-9b,

the steam pressure in the SCS after a positive change in the external reactivity

showss mi | ar responses (within 5%) in the

3.5. PERTURBATION EVENT EFFECTS ON THERMAL DYNAMIC

PROCESS IN THE PWR

Following the SD model validation, the thermal dynamic processt® reactor
core SCS, and complete PWdétetested separately under different perturbation
events to verify the interaction among feedback mechanisms. Theseirgkis

either single or multiple actions aspecific timeor actionsthat fluctuate with time

3.5.1.MoDEL |: THE REACTOR CORE SYSTEM

The responseof reactor thermal power, coolant, and fuel temperatames
investigateddue to a change: 1) the externateactivity (ex) induced by the
control rod 2) the inlet core coolant temperatulies); and3) the primay coolant
mass flow ).

In the first event, the externabactivity is increasedby 7.%10° at 10 s.
Simultaneously, three different scenaos carried out to investigate the influence
of the primary coolant mass flow on the thermal dynamic behavior of the reactor
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core. More specifically, the primary coolant flowc) is maintained constant the
first scenario, whilghis flow is increasedral reduced by 20% the secondand
third scenarios, respectivelixs shown inFigure 3-10a, the reator thermal power
is immediately increasedfter adding a positive reactivity, a behavior tha
observedin all scenarios. As the thermal power increases, the reactor fuel and
primary coolant temperaturé@screase asshownFigure 3-10b, causingnegative
reactivity feedback. Alsof-igure 3-10b shows that the low value of the coolant
mass flow in thethird scenario (0.8wc) leads to an increas@ the coolant
temperature relative tlirst and second scenarios. In particular, thedtecenario
showsa highemegative reactivity feedback as expected, whaeaklsto a reduction
in the reactor thermal power by 8.6% compared to the first scenario, respectively.
Increasing the primary coolant flow has the opposite effect of reducinggative
reactivity feedback, leading to a relative increase in the reactor thermal power.

The second event investigates the dynamic parameters of the reactor when
the control rod are insertedi.e., a 7.%10° decrease of reactivityFigure 3-11a
showsan immediate dropn the thermal power of the reactor core, which then
stabilizes to 15.7 MWth. This behavis attributedo the contrbrods that capture
neutrons, and simultaneously, the fuel and coolant nodes temperareres
decreasedAs can be seen iRigure3-11b, the reactor fuedndcoolant nodesT(co,
Tc1) temperaturedecrease by 2.48, 0.22F, and 0.2F, respectively.

In the third event, the temperature of the inlet cool@n) (is increased by

5°F at 10 sThisis followed bya highnegative reactivity feedback that induces a
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significant drop in the reactor thermal power. As camdied fromFigure3-12a,

the reactor thermal power stabilizes because of the negative reactivity feedback
with a reduction in its initial value by 120 MWt addition Figure3-12b shows
areduction inthe fuel temperature by IB8F inresponsdo the increase in the inlet

coolant temperature, because of the thermal power reduction.

3.5.2.MoDEL IlI: THE SECONDARY COOLANT SYSTEM

Fluctuations in steam pressure, primary coolaamd metal Utube lump
temperatureare investigateduringseveralevents.

In the first event, the steam valve coefficie@t)(is decreased by 5% at 5 s.
As can be seen iRigure3-13a, this events followedby an immediatencrease in
the steam pressure inside the steam generBib@n, a small amount of heat is
transferred from the primary coolant system to the SCSwellbbyincreases in
the coolant and metal tube lump temgiares, as shown Figure3-13b.

In the secon@vent, the temperature of the steam genenaletrcoolant Tip)
is increased by 26 at 5 s. Simultaneously, three different scenarios are applied to
investigate hie influence ofsteamvalve opening position on the thermodynamic
behavior of the SCS. In tHigst scenario, the steam valve coefficiesimaintained
constant, whilehe steam valve coefficient is increased and decreased byth&o
second and third soarios, respectivelyAs shown inFigure3-14a, an immediate
slight reduction in steam pressis®bservedn the case of the steam valve opening
(i.e.,second scenaridpllowed quickly by a muchargerincrease in steam pressure

as more heat is transferred from the primary ts#wndargystem following the

102



Ph.D. Thesi§ M. Elsefy McMaster Universityi Civil Engineering

increasen the inlet coolant temperaturgs can be seen also kigure3-14b, the
primary coolant lump 1Tp1) temperature is lower for the second scenario compared
to otherscenariosThisis because more steam is required due to the opening of the
steam valvdgeading to more heat energging transferrettom the primary coolant
system andhereforesmaller increase in primary coolant temperature. In summary,
the increase in the steam valweefficient reduces both the steam pressure and

primary coolant tempature compared to the first and third scenarios.

3.5.3.MoDEL |ll: THE PRESSURIZED WATER REACTOR

Following the evaluation of the reactor core and the SCS to different perturbation
eventsa D model of thecomplete thermodynamic procassessential to predict
the response of the steam generator when perturbation events occur inside the
reactor core and vice versa. This SD moda developedby combining the
aforementioned reactoore and SC8ermal dynamic models as described earlier.
In this subsection, théaérmal dynamic process of a complete Pi&Rivestigated
under three different perturbation events.

Firstasmallperturbationis appliedby increasing the steam valve coefficient
by 5%at 5 s Therefore additional steam is expected lte producedn order to
balance the SCS thermal dynamic proc&hss eventis followedby a reduction in
the steam pressur®d) andtemperature Tstean) Valuesby 29.1 psi and 3%, as
shown inFigure3-15a andrigure3-15b, respectively. More heat is transferred from
the primary coolant in thetiibe to the secondary syst@morder toaccommodate

the steam generatioand subsequentlythe primary coolant lmp temperatures
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(Te1, Tr2) are reducedThis behaviois followedby a reduction in the reactor core
inlet primary coolant temperatur@.¢). Also, Figure3-15b shows that the reactor
core primary coolant temperaés {(Tc1, Tcz) are reduced by ZE and 1.4F,
respectively. The reduction in coolant temperature causes a positive reactivity
feedback tht leads to an increase in the reactor thermal power by 97 MWth, as
shown inFigure3-15a. Figure3-15b also shows that the reactor fuel temperature is
increased by 12°B because of this increase in the reactor thermal power.

The second evéimvestigateslifferent steam valve opening positgafter a
positive reactivity of 7.810° is added The first scenario is applied without
changinghe steam valve coefficient, whillee steam valve coefficient is increased
and decreased by 5 the second and third scenarios, respectivelysédhams
show an immediate increase in the reactor thermal pokigure 3-16b), and
subsequenyl the fuel temperatureF{gure 3-16¢) increases after thexternal
reactivity is addeddowever, in the thirdgcenarigthe reduction in the steam valve
coefficient results ina negativereactivity feedback, primarily because of an
increase in theeactor core inlet coolant temperature. As can be seéigure
3-16a, a reduction in the steam valve coefficient (third scenario) by 5% causes an
increa® in the reactor inlet coolant temperatufepr) by 4.CF. Because of the
negativereactivity feedback in this scenario, the thermal paweeduced by 81.6
MWsth relative to the first scenario. On the other hdAdure 3-16b shows a
increase in the reactor thermal power by 95 MWth relative to the first scenario after

an increase in the steam valve coefficient. In this second scenario, the reactor core
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thermal power reaches a peak value, then drops as a result ecthedl fission
fragments, and finally, the reactor power starts increasing again due to the feedback
of increasing the steam valve coefficientisltclear fromFigure 3-16¢ that the
reactor fuel temperatuie significantly reducedn the thirdscenaricas a result of
the negative reactivity feedbadkigure3-16b andFigure3-16d showthat closing
the steam valve by 5% reduces tiermal power ofhe reactor core by 81.6 MWth
and increases the steam pressur8%@ psirelative to the first scenario, in which
the deviations in the reactor thermal power and steam pressure are 12.2 MWth and
3.1 psi, respectively. On the other haindreasing the sm valve coefficient leads
to a reduction in the steam pressure by 29.6 psi and an increase in the thermal power
by 95 MWth relative to the first scenario.

In the third and final events, a positive reactivity ofxda®> is applied for a
30 s interval thwugh aconstansteam valve coefficient, followed by a 3thterval
of zero reactivity, as shown Figure3-17a. This external reactivity event is mainly
to investigate the nonlinear responsetw reactor thermal power to tbkangan
the position of control rods within this time frarfies., up t0180 s) Figure3-17b
shows an increase itne fuel, coolant nodes, and steam temperatures after the
reactvity is increasedRemoval of the externedectivity reduces the totakactivity
immediately due to theegativefuel and coolant temperature reactivity feedback.
As can be seen iRigure 3-17c, the thermal powefluctuatesimmediatelyafter
changing the external reactiviffhe cumulative behavior of the reactor parameters

shows an increase in the thermal power, as well as the fuel and coolant
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temperatured-igure3-17d shows als@n increase in the stegmessuresince the
increasein the coolant temperature transfeadditional heat energfrom the

primary coolant system to tisecondargystem.

3.6. CONCLUSIONS

A nuclear power plant (NPP) contains multiple systems thaticttthrough several
feedback mechanisms to generate electricity. The complex dynamic
interdependence among these systems, the consequence severity of interacting
hazards, and the drawbacks of current risk assessment techniquesdeneajor
concerns bout NPP safety, especially aftdre Fukushima Daiichdisaster.To
address this challangasystem dynamics (S@@pproach was used to simulate the
thermaldynamc processes for different systems inside a pressurized water reactor
(PWR), since this prossis considereas a first step to overcome the limitation of
current risk assessment techniques of NPPs. Three SD models of the reactor core,
secondary coolantystem (SCS), and complete PWiere validatedagainst the
results of a previously published d&l. Subsequentlythese modelsere evaluated
under different perturbation everpertaining to the external reactivity, primary
coolant flow, and the steam valeoefficient. The results obtained from the
complete PWR model, combining the reactor cored &CS, were used to
investigate the interconnectivity and nonlinear feedback mechanism between
different systems inside the PWR.

The results of the current studgmonstrate the capability of the SD approach

to simulate the physical processes between miajerdependent systems in NPPs
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under different perturbatiorvents These physical processee representday the

reactor thermal power, fuel and coolant terapgres andsteam pressure.
Moreover, the developed system dynamics simulation approach desovi
significant advantages from both the time and data storage perspectives, since the
analysis of the developed SD models was very fagt,the time needed fahe

longest perturbation event analysis is less than 60 s) with a very modest size of
outputdata €.g.,the generated data for all perturbation events for both validation
and evaluation analysis conducted in the current study was less than 508 KB).
this respect, SD is expected to facilitate the development of an integrated risk
assessment tenique with feedback loops thtdcilitatesaccurate simulation of
several complex accident scenarios. Thus, the current study presents the first phase
in a multiphase research program aimed at developing an integrated dynamic
probabilistic risk assessmeplatform that takes into account the interaction and
interdependence of different NPP systems with an ultimate goal of enhancing the

overall NPP safety.
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3.8. NOTATION

The following symbols are used in thispes:

Arc

Cc
Ce
Ci
CL
Cm
Cpi

hy

hfg

Me-up

Effectiveheat transfer surface area between the reactor fuel and prirr

coolant

Specific heat of primary coolant

Specific heat of the reactor fyel

Delayed neutron precursois,1 , ¢ €, 6 ;
Steam valve coefficient;

Specific heat ometal Utubes in steam generator;
Specific heat of feedwater in steam generator;
Fractionof the total power produced in the reactor fuel,
Enthalpy of saturated water

Enthalpy of saturated steam

ht - hg;

Mass ofprimary coolant in the core regipn
Mass of primary coolant ireactorupper plenum;
Mass of the reactor fuel

Mass of metal kiube lump 1;

Mass of metal kiube lump 2;

Mass of coolant in primary coolant lymi;

Mass of coolant in primary coolant lump 2;
Mass of water in steam generator;

Mass of steam in steam generator;

Thermal power of the reactor core

Initial steady state of reactor thermal power
Steam pressure;

Initial steady state of steam pressure;

Heat transfer area between steam generator tube metal lump 1 and

secondary coolant;

Heat transfer area between steam generator tube metal lump 2 and

secondary coolant;

Heat transfer @abetween primary coolant lump 1 and metal tube lum
Heat transfer area between primary coolant lump 2 and metal tube Iu

Primary coolant temperature at node 1
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Te2 = Primary coolant temperature at node 2

TeL = Primary coolantemperature ircold-leg;

Tr = Average fuel temperature;

Tii = Feedwater temperature in steam geneyator

The = Primary coolant temperature hot-leg;

Tip = Primary coolant temperature in the steam generator inlet plenum

Tip = Primary coolant temperatune reactor lower plenum

Tw1 = Average temperature of metal tube lump 1;

Tz = Averagetemperature of metal tube lump 2;

Top = Primary coolant temperature in the steam generator outlet pjenum

Tr1 = Bulk mean temperature of primary coolant lump 1;

Tp2 = Bulk mean temperature of primary coolant lump 2;

Tup = Primary coolant temperature in reactigper plenum

Urc = Heat transfer coefficient from fuel to coolant

Ums ~— Heat transfecoefficient between steam generator tube metal and
secondary coolan

Upm ~— Heat transfer coefficient between primary coolant and tube metal in s
generator;

Vi = Specificvolume of saturated water;

Vg = Specificvolume of saturated steam;

Vig = Vi- Vg,

We = Primarycoolant mass flow rate of inside the core

Wso = Steam flow rate;

¥ = Coolant temperature coefficient of reactivyity

V2 = Fueltemperature coefficient of reactivity;

b = Total delayed neutron fraction;

bi = Delayed neutron fraction for tleéx delayedneutron groups= 1, é é ,

Q = Deviation in he dynamic parameters from the steady state

T U= Change oenthalpy of saturated water versus steam pressure;

T U= Change of enthalpy of saturated steam versus steam pressure;

17Y j1 = Slopeof the change in satation temperaturevith respect tsteam
pressure;

101 U = Change irspecific volume of saturated steam versus pressure;

> — Delayed neutron precursor decay constant fosikeelayed neutron

sz

group,i=1, éé, 6
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l:I]’Ml

Wme

Reactivity;

Reactvity induced by control rods;

Coolant residence time in coldg;

Coolant residence time in higg;

Coolant residence time in steam generator inlet plenum
Coolant residence time in reactor lower plenum

Coolant rsidence time in steam generator outlet plenum
Residence time fgorimary coolant lump 1,

Residence time for primary coolant lump 2;

M C/Upm Sme= Time constant for metal tube lump 1 to primary coole
lump 1 heat transfer;

M2 Cn/Upm Some= Time constant for metal tube lump 2 to primaoplant
lump 2 heat transfer;

Mm1 Cm/UmsSna= Time constant for metal tube lump 1 to secondary
coolant heat transfer;

M2 Cr/UmsSme= Time constant for metal tube lump 2secondary
coolant heat transfer;

Mp1 C/Upm Sru= Time constant for primary coolant lump 1 to metal tub
lump 1 heat transfer;

Mp2 C/Upm Sore= Time constant for primary coolant lump 2 to metal tub
lump 2 heat transfer;

me-up/We= Coolant residence time reactor uppeplenum and
Neutron generation time
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Table 3-1 Parameters for the reactor core system

P, MWth 3800 & 1°PF  -1.0*10* Ue (Btu/hn/(ft2°F) 325.588
fooii 0.975 U 1PF -1.20%10° A ft? 68600
b i 0.0065 we Ib/hr  164*10° m b 257.1*1CG
by T 0.000215 a 1s 0.0124 ¢ Btu/lb°F 0.1056
b 00 0.001424 » 1/s 0.0305 me b 30721
bs 11 0.001274 & 1/s 0.1110 cc  Btu/lb°F 1.448
ba T 0.002568 a 1/s 0.3010 s 30*10°
bs 70 0.000748 » 1/s  1.1400
be T 0.000273 & 1/s  3.0100

Table 3-2 Parameters for the secondary coolant system
B s 1.2815 17Y j1 0 °Flpsi 0.1176 Mew b 334000
B s 1.2815 1Qj1 0 Btu/lb.psi 0.1508 mes b 36904
Gwm s 1.2233 1Qj1 0 Btulb.psi -0.0385 Pso psi 1070
Wve s 0.5826 170j1 0 ft¥b.psi -4.64*10* G Btu/lb°F 1.278
U s 0.3519 hg Btu/lb 1189 Wso Ib/hr 17.18*1¢
e s 0.1676 h Btu/lb 554 cm Btu/lb°F 0.10205
GUha s 0.3519 Vi ft3/lb 0.0218 Tn  °F 450
the s 0.1676 Vg ft3/lb 0.4114 CL i 6

Table 3-3 Parameters for plenums, hot and delgs

Qp s 2517
. s 0.234
G s 0.659

@p
L,gEL
Wp

S
S
S

0.726
1.310
2.145
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b. Reator thermalpower response due to adding positive reactivity with different
steam valve aefficient (CL) (Model Il i 2" Event).c. Fuel temperature response
due to an increase in reactivity with different steam valve coeffic@nt(Model

Il i 2" Event).d. Steam pressure response due to an increase in reactivity with

different steam vak coefficient C.) (Model Il i 2"¢ Event)
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Figure3-17: a. Fluctuation in external reactivity every 3qModellll i 3" Event).

b. Fuel, coolant, and steam temperature response due to adding positive reactivity
every 30s (Model llli 3" Event).c. Reactor thermgbower response due to adding
positive reactivity every 36 (Model Il 3rd Event).d. Steam pressure response
due to adding positive reactivity every 8Model 11I7 3 Event)
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Chapter 4 : Dynamic Probabilistic Risk Assessment of Core
Damage under Different Transients using System Dynamics

Simulation Approach
ABSTRACT

Due to the limitations oftatic probabilistic risk assessment (PRA) techniques,
dynamic PRA (DPRA) of nuclear power plants (PRas become one of the most
critical research areas in the field of nuclear engineering, especially in the aftermath
of the 2011 Fukushima Daiichi nuclear @mant. Uncertainty in the NPP actual
behavior is key when considering the safety of the plagiumormal and abnormal
operating conditions. Such uncertainty typically results from site operation
parameters, system conditions, and modeling assumptiors.ciinient study
adopts a system dynamics (SD) simulation approach to establish a platform for
DPRA of NPPs, considering different sources of uncertainty. To demonstrate the
approachés applicability, the average fuel
estimate the probability of the reactor core damage under different transients,
representing pautbations irreactivity and steam valve coefficieAtMonte Carlo
simulation is subsequently employed to investigate the effect of uncertainties
associated wit the different model input parameters. A global sensitivity analysis
demonstrates that the tbt#elayed neutron fraction, the heat transfer coefficient
from fuel to coolant, the coolant temperature coefficient of reactivity, and the fuel

temperature coé€ient of reactivity are the primary controllers of the plant
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response variability under thatrsients considered. In summary, the integration of
SD andMonte Carlosimulation techniquegresents a useful approach to DPRA of
NPPs by estimating the tempbprobability of core damage, as this overcomes the
limitation of static PRA techniques whileimmizing the computational cost and

time of DPRA analysis.

Keywords: Dynamic Probabilistic Risk Assessment; System Dynamics;

Sensitivity Analysis; UncertaigtAnalysis; Temporal Probability of Core Damage.
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4.1. INTRODUCTION

A nuclear power plantNPP) is a complex systerof-systems thatequiresfull
understanding dhe behavior of each of itdmponents, the systelevel behavior,

and the dynamic interaction/interdependence between these different systems and
components, under both normal and abnormpérating conditions. Such
understandings now more essential than ever before because ohtneased
magnitude and frequency of hazard events that can exceed what was originally
considered in the NPP design, causing negative impacts on théH#dastja et al.

2014) NPP probabilistic risk assessmePRA) approaches adoptaticevent tree

(ET) and fault treeKT) analysis method® estimate the probability oiccurrence

of each accident scenario and its consequetese method=®ly on the secalled

effect line(Hofer et al. 2002a)where branching points occurdea on a specific
action strategy for safety systems to mitigate accident propagalidiT analysis
methods were previously employed to estimate the frequencies of core damage
(IAEA 2010b)and containment raoiactive releasélAEA 2010a)as well as the
impact of the latteon the public and the econor§NSC 2014)However,these
methodshave been extensively criticizédldemir 2013; Hsueh and Mosleh 1996;
Jankovsky et al. 2018a; Mercurio et a8009; Siu 1994; Swaminathan and Smidts
1999a; Zio 2014yueto their inability to:i) account forthe probabilistictime-
dependentinteraction among component/system behaviors and the subsequent
cascading failures following extreme events; andconside the dynamic (time
sequence) progation of disruptive eventtessons learned from the Fukushima
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nuclear accident alsdighlighted the importance of enhancing existing, and
developing new, PRA approaches to facilitate understanding of the complex
dynamicbehavior of NPPs following variousadependent or interrelated hazards
(Mosleh 2014)In this regardpreciseevaluation of NPP dynamic risks following
disruptive eventsrequires an accurate representation of the system and its
components' complexteractions.

Due to the limitations of static PRA techniques (i.e., ET and FT), more
advanced dynami¢ methods have been developed to account for the dynamic
nature of NPP systems. These dynamic PRRRA) analysis methods consider
thetiming and sequemcof events throughout the modeled NPP systems. Examples
of DPRA analysismethodologiesnclude RAVEN (Rabiti et al. 2012, 2013)
ADAPT (Hakobyan 2006; Jankovsky et al. 2018b; Kunsman et al. 2GD8)
dynamic Bayesian networllones et al. 2016; Varuttamaseni 2011; Weber et al.
2012) However, DPRA methodologies still face some challenges related to the
computational cogtMaljovec et al. 2013; Mandelli et al. 2013a; b, 2017b, 2018)
resulting in then being uilized to model small subsysterfigaruttamaseni 2011)
More recently, system dynamicS[j) simulation has been shown poovide an
effective technique for modeling the behavior of dynamic complex systems under
different transients(El-Sefy et al. 2019) Therefore, integrating uncertainty
guantification and available SD tools within a DPRA framework has the tmadten
of providing a new DPRA platform that can overcome the limitations of static PRA

approaches. Such integration can be employed in the field of nuclear engineering
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to enable accurate prediction and generation of different accident scenarios
including cae damage.

Core damage accidents are severe events that may cause extreme damage to
the reactor fuel. According to the U.S. BR"thousands or even millions of
accident sequences within a NPP can lead to core darflage NRC 2016).
Natural and anthropogenic hazards (e.qg., fire, internal flooding, and humes) erro
canalso lead to concurrent or partial damage of multiple components within the
NPP, which may seriously affect the reactor core integrity. Therefore,
probabilistically assessing the dynamic response of8§REems is vital to quantify
the probabilityof coredamage and the different system contributions to the overall
plant risk.

A deterministic SD model for a pressurized water read®RMVR) was
developed and validated in a previous stud¥bgefy et al(2019)as a key step
for developing a DPRA platform. In this respect, the present study focuses on
adopting the same SD simulatiorpapach 6 quantify the temporal probability of
PWR core damage under different transients considering the uncertainties
associated with bottme plantphysical parameters (e.g., the specific heat of coolant,
heat transfer coefficient) and plant operatingditiors (e.g., primary coolant flow
rate, steam flow rate). This is particularly important as such uncertainties can have
a significant influence on the dynamic response of critical parameters in the PWR
system (e.g., average fuel temperature, reactontl paver, steam pressure), and

subsequently the reactor core integrity. Therefore, incorporating uncertainties into
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the SD model is crucial for an accurate DPRA of the NPP. A global sensitivity
analysis is also conducted to identify the most influep@abmetrs affecting the
system output (i.e., the average fuel tempergature

Following this introduction sectiom, brief background about the developed
SD simulation approach is presented before discussimy concept and
methodology applied for estimaty theprobability of core damag€ollowing that,
the conducted parameter analyisiglescribed, the details of the uncertainty and
sensitivity analyses conducted are discussed, and finally, the results of the
parameter analysis, temporal probabilitycofe damge, and temporal sensitivity

analysis are summarized.

4.2. SYSTEM DYNAMICS SIMULATION APPROACH

The SD simulation approach was developed by Jay Forr@sigester 1971)o
investigatethe behaviorof complex economic and social systems. SD presents a
comprelensive échnique thatan simulate the nonlinear dynamic behavior of
complex systems through numerically solving the{ster differential equations
describing system behavior. Feedback loops are the key elements of a SD model
that describe the nonlineanterdependence between different components, and
thus, enable the complete set of the systemidinear dynamic feature® be
described properly(Sterman 2000) The SD simulation approach has been
extensively applied to numerous applicatiqesy., ecological, agricultural, and

economical systemgjcrigoryev 2016) and haseen recently utilizeth nuclear
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applicationgChia et al. 2015; ESefy et al. 2019; Guo and Guo 2016; Jeong and
Choi 2007)

The present study adopts a SD simulation as the backbone of the DPRA
platform. A validated SD mode{El-Sefy et al. 2019)vas developed to simulate
the deterministic physical behavior of the thermal dynaprizcesses within
large/complexsystems (i.e., reactor core, primary and secondary cooling systems,
hot and cold legs of primary coolant system, and reactor core inlet and outlet
plenums, steam generator inlet and outlet plenums) of a AWR.modelwas
describedn more detail byel-Sefy et al(2019) where the PWRystem parameters
were adpted from the Palo Verde NERrda 2013) This SD model was validated
using the results froran earlier studyArda 2013)and was subsequently evaluted
under different perturbatiorfgl-Sefy et al. 2019)This model vas found to provide
significant advantages from batbmputationatime and data storage perspectives
Nonethelessjncertainties associated wiphysical parameters and plant operating
conditions remained to be incorporated within such a model to adgpegdict
the temporal probability of core damagégure4-1 showsa schematic diagram of

the utilized SD model considering uncertainty in the model input parameters.

4.3. CoORE DAMAGE DEFINITION

Following an initiating eventthe prgagation of an accident can take many
different scenaos. Each of these scenarios may cause numerous undesired
consequences such as reactor core damage and release of radioactivity into the

environment. Core damage is one of the most extreme eventsathd¢ad to
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significant adverse impacts pablicheath and the environment. For example, the
Fukushimanuclear accident led to the meltdown of three nuclear reactors, which
resulted in theemissionof extensive amounts of radioactive materials to the
environment(Chino et al. 2011)

The term "core damagéias multiple drastically different definitions in the
literature including: uncovering of the reactor c@ueS. NRC 2010) violation of
design basis limits of any of the fuel parame(Bk&A 2010b) heat ircrease of the
reactor tiel until severe fuel damage is anticipa{Bdgazici University Nuclear
Engineering Department 200®ss of core geometry or exceeding the design basis
limits of any of the fuel paranters(Atomic Energy Regulatory Board 20Q%)nd,
the loss of structural integrity of multiple fuel chann@siclear Energy Agency
2009) Quantitatively, Knochenhauer and Holmb@{gochenhauer and Holmberg
2011)defined core damage as the state where the local fuel temperature exceeds
2200F [1204C]; that limit is defined in section 1b of 10 CFR 50@6S. NRC
2017) Probabilistically, core damage has been defined based on a triangular
probability density funiion (pdf) for the Ziraloy cladding temperature
(Varuttamaseni 2011)

| n t he present study, t he average fuel
temperatur eo) was utilized as the basis f
damage. The lower angpper limits of the fuetemperature were assumed to be
160CF [871°C] and 2600F [1426C], respectively. Thpdfof core damage beyond

these limits was assumed to be equal to zero, whereas a triangular distribution was
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used to describe thadf between the upper and lower ligjitas shown ifrigure

4-2. A maximum accepted fuel temperature of ZEOQvas assumed with a
corresponding ae damage probability of 0.G-igure 4-2). This relationship
follows the triangulapdf definedby Varuttamasen(j2011)except that both thedf

and the corresponding probability of core damage are evaluated based on the fuel
temperature, rather than the fuel cladding temperature, as discussed by

Knochenhauer andolmberg(2011)

4.4. PARAMETER ANALYSIS

Parameter analysis is typically utilized to assess how the system response is affected
by changing some, or all, of the model input parameters. Parameter analysis was
applied, in the present study, to the PWR SD modeklbped byEl-Sefy et al.
(2019)in order to evaluate the influence of four differeansientsi) reactivity (R

1);ii) seam valve coefficient @®); iii) reactor core inlet temperature 3, andiv)

steam generator inlet temperatured)PFor each of these, the deviations from their
corresponding nominal values are giveTable 4-1. The PWR response (i.e., the

fuel temperature, the reactor core thermal power, and the steam pressure inside the
steam generator) were subsequently investigated under the considered transients to
assess the influence of each trans on the PWR response, and especially to

determine the transients that lead to an increase in the reactor core temperature.
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4.5. UNCERTAINTY ANALYSIS

Uncertainty analysis is utilized to investigate the impact of unceytaemeters on
the fuel temperater response during a transient. The response of reactor fuel
temperature is predicted under uncertain physical parameters and operating
conditions, leading to an estimate of the temporal probability of core damage.
Uncertanty analysis first requires deteimng the input parameters to be included
in the SD model of the PWR. PWR parameters with the expected uncertain ranges
are listed inTable 4-2. The uncertainty associated with each of these parameters
was defined in terms of jpdf, which was chosen based on other related studies
(Brown and Zhang 2016; Demaziere and Péazsit 2002; Perin and Jimenez 2017;
Radaideh et al. 2018; Romojaro et al. 2019; Sanehal. 2018; Zimmerman et al.
1999) whereas nominal values were chobased on those of the Palo Verde NPP
(Arda 2013; EISely et al. 2019)When information about any specific parameters
is not available, the correspondinglfs are chosen based on consgive
assumptions or on similar parameters discussed in relevant literature. In this
respect, the uniform distribution is @¥en as a conservative assumption, when
similar parameters do not exist, as minimum, maximum, and nominal values can
be encounteredith the same probabilittMarcum and Brigantic 2015Refearing
to Table 4-2, a total of 26 parametrfollow a normal distribution and seven
parameters follow a uniform distribution.

A Monte Carlo MC) simulation was utilized in the present study to assess
the propagation of uncertainties associated with the input pararbakesd on their
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pdfs This approach is preferred over other uncertainty analysis approaches as it is
computationally efficient and has no restrictions on the number of uncertain
parameters considere(Brown and Zhang 2016)MC simulation relies on
generating multiple realization®f the input paramets (based on their
correspondingdfg, and subsequently estimating the statistics of the output(s). An
iterative method has been utilized in the present study to estimate the number of
realizations 1f) required for applying the MC smation, in order forthe
uncertainty in the output to be accurately assessed. This method was proposed by
Bukaci et al(2016) in whichnis determined through monitoring thens@rgence

of the outp t shamdard deviation.

4.6. SENSITIVITY ANALYSIS

Sensitivity analysis attempts to quantify the impact of fluctuations in different input
parameters on the simulation output and/or the overall system performance. In
addition, the analysiaims at investigatig how thevariabilityin the system
output(s) can be allocated to different inpgitgelton et al. 2006) Therefore,
sensitivity analysis provides a more precise picture of how the system inputs and
outputs are interrelated. This analysis can be applied either locally or globally,
where globakensitivity analysiss preferred as it considers the entire range of the
input parameters as well as the interaction among multiple ifikaisen 2016;
Ikonen and Tulkki 2014)The Spearman's correlation, and partial correlation
coefficients, PCCs, are ngrarametric statistical measures that are used to assess

the interdependence between an input X and an outpas&d on the ordereanks
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of the different values of each variable, and can also be used for sensitivity analysis
(Hauke and Kossowski 20111 is defined as the covariance of the rank variables
(X and Y) divided by the product of their standard deviations.h@rother hand,
the PQC between X and Y represents their correlation without considering the
collinearity between X and the other inputs affecting Y. Therefore, the PCC is
typically used for assessing the direct influence of an input X on the output Y.

In the present studyglobal sensitivity analysiswas applied through
estimating the PCC values between the system inputs (shdvabl@4-2) and the
fuel temperature (output). MC simulation was utilized to fluctuate the systens input
under specified transients. These transients were selected based on their impact,
following the results of the parameter analysis, on increasing the fogldeature.
The selected transients includg:increasing the reactivity by 0.006-{$, ii)
increasing the steam valve coefficient by 20%2)Siii ) decreasing the reactor core
inlet temperature Yo 20°F (S3); andiv) decreasing the steam generator inlet
temperature by 26 (S4). The PCC values were subsequently calculated under
each of these trargits using the partialcorr" function from the MATLAB
statistics toolboXMATLAB 2018a). Comparing the different PCC values indicates
the relative contribution of each input to the varidpiln the system response (i.e.,
the fuel temperature) wiin each transient. In addition, a temposahsitivity
analysiswas conducted by evaluating th€®s at every time step under each
transient in order to address tiwaryingsensitivities in the dynamic PWR system.

It is noteworthy that the PGBased Spemanmethod has also been utilized in
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relevant related studies (e.@Brown and Zhang 201§)and for simulating a station

blackout event in the Jules Horowitz readi@hione et al. 2017)

4.7. RESULTS AND DISCUSSION

4.7.1.PARAMETER ANALYSIS

Figure 4-3 shows the effect of changing the reactivity by betwe®f015 and
+0.0015 (Transient-R) on the PWR critical yhamic output parameters (i.e., fuel
temperature, thermal power, and steam pressure). Increasing the reactivity levels
inside the reactor comauses the neutron flux to increase, which in turn increases
the fuel temperature, reactor thermal power, andnstpressure. Afterward, the
steam pressure continues to increase due to the thermal energy transferred from the
primary coolant system to thecndary one.

Figure4-4 shows the dynamic responses of fuel temperature, thermal power,
and steam pressure under Transieft (hanging the steam valve coefficient by
between-10% and +10%). Increasing the steam valve coefficleads to a
decrease in the steam pressure, el & an increase in both the fuel temperature
and thermal power. This is attributed to the fact thatensteam is required because
of opening the steam valve, causing more heat energy to be produckdtivesi
reactor core.

Figure4-5 shows the effect of changing the coolant temperature by between
-5°F and +8F (Transient F8) on the PWR critical dynamic output parameters.

Increasing tb core inlet temperature yields negative reactivity feedback, and
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subsequently decreases btk fuel temperature and the thermal power. On the
other hand, increasing the coolant temperature leads to an increase in the steam
pressure due to the heat enemgnsferred to the steam generator.

Figure4-6 shows the impactsf@hanging the steam generatolet coolant
temperature by betweeB®F and +8F (Transient R4) on the dynamic responses
of fuel temperature, thermal power, and steam pressure. As expected, increasing
the coolant temperature leads to an increase imehaé transferred to the steam
generator, and subsequently an increasing steam pressure. Howegyagryen
reactivity feedback is developed, which decreases both the fuel temperature and
thermal power.

In general, Transients-P and P3 affect both the fuetemperature and
thermal power relatively quickly<{gure4-3 andFigure4-5), whereas Transients
P-2 and P4 influence these quantities more graduafig(re4-4 andFigure4-6).
This is attributed to TransientslPand P3 occuring inside the reactor core, leading
to a rapid change in both the fuel temperature and thermal power. On the other
hand, Transients-P and P3 affect the steam pressure aesithe steam generator
at later timesKigure4-3 andFigure4-5) because these transients occurred inside
the reactor core and an approximately half coolsakecis required to impact the
secondary coaht system{CS. In summary, based on the considered transients,
the following lead to an increase in the reactor fuel temperature: increasing the
reactivity, increasing the steam valve coefficient, decreabimgeactor core inlet

temperature, and dea@®ng the steam generafatet coolant temperature. Thus,
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these are considered the basis for both the subsequent uncertainty and sensitivity

analysis.

4.7.2.UNCERTAINTY ANALYSIS AND TEMPORAL PROBABILITY OF

CORE DAMAGE

As discussed before, an iterative methods wiilized to assess the number of
realizations (i.e.n) required for the M&based uncertainty analysis. In this method,
different values forn were assumed and the corresponding estimates of fuel
temperatre were analyzed under steagtgte conditions (., at 100 s) to determine

a value oh at which the standard deviation has converged. The results showed that
both the mean and minimum fuel temperature do not change over the different
number of realizabns assumed, whereas the maximum fuel tempersiwuwed a
variation as the number of realizations increased. This was partially attributed to
approximately 1% of the fuel temperature outpiigre 4-7a) being statistical
outliers. Outliers arise because of the variety of ipatars that influence the
system outputs, particularly the uniform distribution that was conservatively
assumed for system parameters that do mave more weltlefined statistical
distributions. As these statistical outliers arise because of the cordloémicese
conservative assumptions and do not reflect the likely real statistical distribution of
system outputs, they are eliminated in oreprovide a more robust analysis of
the resultfGhosh and Vogt 2012)y avoiding oveiconservative estimates of the

average #lues, maximum fuel temperature, and the probability of reactor core
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damageln this regarda point is considered a statistical outlier ifvitsdue lies more

than three times the scaled median absolute deviations away from the median,
which is identifiedusing the Isoutlier’ function from the MATLAB statistics
toolbox (MATLAB 2018a). The stadard deviation of maximum fuel temperature
data was subsequently evaluated without considering the outliers to evaluate the
convergence of the standard deviatiomascreased, as shown kgure4-7b. In

this respect, a total of 5,000 realizations was consided in the uncertainty analysis
because the standard deviation results were stable by that number of realizations.

According to the results from the pareter analysis described previously,
the PWR considered was tested under two transients that could increase the fuel
temperature. These transients weyancreasing the reactivity sequentially from
0.001 to 0.016 (kl); and,ii) increasing both the reagity and steam valve
coefficient from0.002 to 0.016 and from 5% to 30%-@), respectively. The
temporal probability of core damage was subsequertijuated, based on the fuel
temperature, under each of these transients.

In TransientU-1, the inputparameters together with their correspowdi
statistical distributionsTable 4-2) were employed, and the corresponding dynamic
responses of fuel temperature were numeil under different levels of reactivity.

A MC simulation with 5,000 realizations was adopted at eaabtivity level, and
the ensemble average of the fuel temperature realizations at different reactivity
levels is shown ifFigure 4-8. For examplefigure4-9a andFigure4-9b shav the

average, the upper bound, the lower bound, tHe @scentile, and the 15

144



Ph.D. Thesi§ M. Elsefy McMaster Universityi Civil Engineering

percentile of the fuel temperature and the probability of core damage at a reactivity
level of +0.015 When the reactivity increased to 0.015, the following responses
occur:i) the propagation of uncertainties in the PWR system led to an increase in
the fuel temperature at 100 s by up to 12.9% relative to the average value of fuel
temperature, 167E; ii) both the fuel temperature and the probability of core
damage follow arapproximately 3parameter lognormal distribution, where the
majority of their responses are around the mean with relatively few responses that
are extremely high or low; and) the mearnand maximum probability of core
damage at00 sare 0.01 an@.045 respectively. Similar measures can be obtained

at other reactivity levels through dissecting the surface plot shoigune 4-8.

In TransientJ-2, the impact of uncertainty within the input parameters on the
PWR was evaluated under a concurrent change in the reactivity levels and the steam
valve coefficient. Both the fuel temperature and the probability of core damage
were etimated similarly tdl'ransientU-1. Figure4-10a shows a contour plot for
the ensemble average of the fuel temperature realizations at 100 s under different
levels of reactivity and steamlva coefficient. As shown ikigure4-10a, the mean
fuel temperature increased with the increase in either the reactivity or the steam
valve coefficient. For exampleshen the reactivity and the steam valve coefficient
increased by 0.014 and 30%, respectively, thewolig was observed) both the
fuel temperature and the probability of core damage follow an approximately 3
parameter lognormal distributioRigure4-11a andrigure4-11b); ii) the mean and

maximum prdability of core damage 4100 s aré).018 and).068, respectively;
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and, iii) the uncertainties in the input parameters have a significant impact on the
fuel tenperature, especially under high levels of reactikig(re4-10b), since the

fuel temperature is increased by 13.45% and 2.4% at reactivity levels of 0.016 and
0.002,respectively.

The results obtained from Transients1lUand U2 demonstrate the
importance of considering system uncertainties in evaluating the PWR system's
critical parameters since the maximum fuel temperature incresageificantly
compared to the meavalue. Moreoverthis study demonstrated a DPRA
measurement method that can quantify operational NPP risk and calculate of a core

damage probability for thtwo different initiating events.

4.7.3.SENSITIVITY ANALYSIS

The sensitivity measures for fuéémperatre (i.e., PCQ were dynamically
evaluated to obtain the different inputs governingtaesientistory, as shown in
Figure4-12. The same number of realizations (5,000) employed in the uncertainty
analysis was also adopted here. The transient ensemble average PCCs for all inputs
were replaced by their corresponding aea values to remove the effect of
correlation direction (i.edirect or inverse correlation). The analysis results show
that the coolant temperature coefficient of reactivity had a significant influence

on the fuel temperature in the differamarsients considered in the sensitivity
analysis However, U had a lower impact during the first 25 seconds of the
reactivity transient S1 compared to othetransients This is attibuted to the

relatively long time required for the coolant to complete ladycle. The fuel
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temperature coefficient of reactivity{) was also found to have a significant
impact on the fuel temperatyespecially in the cases including positive redtgt
transientsThese confirm the influence of bdthandUs on controllirg the stability

within the PWR coreln addition, the heat transfer coefficient from the fuel to
coolant Urc) had a significant influence on the fuel temperature within all
transents This is expected ddrc controls the transfer of the thermal energynir

the fuel to the primary coolant system. The results from the sensitivity analysis
show thatl;, U, and Urc are the primary governing parameters of the fuel
temperature varialify. In addition, the total delayed neutron fractidm ¢an also
considerably impact the fuel temperature, especially at earlier times, due to the high
rate of change in the reactor tival power at the beginning of the transients.
Furthermorethe coolat mass flow was found to have a considerable impact on the
fuel temperature in the transients related to a change in the coolant temperature
within either the core or the steajaneratofFigure4-12 andFigure4-13).

Figure4-13 shows the PCC values between the different inputs and the fuel
temperature at 100 s under the selected ranges of the considered transients. Among
these inputslk was found to be negatively correlateithwthe fuel temperature
(i.e., can reduce the fuelntperature). This is expected as the selected transients
typically lead to an increasing fuel temperature. Therefore, increlsitan bring
the core back to a stable condition. In additidhwas fourl to be negatively
correlated with the fuel temperaguwithin the reactivity transient-$ only,

whereas they were positively correlated in other transients. These interrelations are
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attributed to the impact of the different transients on the primaryaobol
temperature. For example, adding a positive reiigtio the system yields an
increasing coolant temperature. Subsequet#lyinduces a negative reactivity
feedback which, in turn, decreases the fuel temperatige was found to be
inversely relatedto the fuel temperature as the increase in the heatgge
transferred to the coolant can decrease the fuel temperature. Fmartber
uncertainty of the parameters pertaining to the steam generator systet@\e.g.,
Gz, Ghier, Ghez, Uhst, Ghs,) was also found to have a significant impact on the fuel
temperature when TransientsZSand $4 occur within the SCS (e.g., changing th
steam valve coefficient and fluctuating the steam generator inlet temperature).
Finally, the remaining parameters had minor impacts on the fuel temperature

compared to those disssed above.

4.8. CONCLUSIONS

This study utilized a SD simulation approach for®# of nuclear power plants to
estimate the risk associated with various plant transients. The transients that are
expected to occur during plant operaticeuse challenges to NPPsssms and
operatorspotentially leading to core damage. As such, idemigfyand addressing

the potential risk associated with NPP transients is vital to ensure the safety of
NPPs. In this regard, parameter analysis was performed to investigate thebehavi
of fuel temperature, reactor thermal power, and steam pressure urfdegndif
transients. These transients included changing the reactivity, the steam valve

coefficient, the reactor core inlet temperature, and the steam generator inlet
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temperature. Ateirward, the developed DPRA platform was used to predict the
nonlinear dynare response of fuel temperature within a PWR when uncertainty in
the reactor physical parameters and operating conditions were considered under
different transients. The fuel tempéure was subsequently used to estimate the
temporal probability of core daage based on a triangular probability density
function of core damage. Monte Carlo simulation was adopted to predict how the
propagation of uncertainty associated with each ofilpat parameters would
affect the temporal probability of core damage. Trisbability was estimated
under:i) increasing reactivity levels; aniil) a simultaneous increase in the steam
valve coefficient and reactivity. Finallg,global sensitivity angsis was performed

to identify the uncertain parameters that significamhpact the average fuel
temperature.

The results of the current study demonsttiaéd the newly developed DPRA
platform is able to consider the dynamic interaction among sevenapler
systems inside the NPP, including the reactor core, primary anddsegaooling
systems, hot and cold legs, reactor core inlet and outlet plenums, and steam
generator inlet and outlet plenums, and therefore, overcome the challenges facing
existing DPRA approaches in simulating large complex systems. Moreover, the
resultsfrom the Monte Carlo simulation revealed that both the fuel temperature and
the probability of core damage follow gparameter lognormal distribution under
the considered transientFurthermore, the impact of uncertain input parameters

was found to amgly with increasing transient severity. A global sensitivity
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analysis also demonstrated that the coolant temperature coefficient of reactivity, the
fuel coefficient of reactivity, th heat transfer coefficient from fuel to coolant, and
the total delayed nénon fraction are the primary controllers of the fuel temperature
variability under the different transients considered. In addition, the primary coolant
mass flow rate had a consi@dble impact on the fuel temperature variability during
the transients rated to the core and steam generator inlet temperatures.

The results from the present study demonstrate the influence of integrating
the uncertainty analysis and SD simulation apphoto estimate the temporal
probability of core damage, thus overcoming lilmitations of static PRA methods.

In this respect, the developed platform is a crucial step toward minimizing the
computational cost of DPRA methods (e.g., the analysis timesddedestimate
the temporal probability of core damage for transienfisdd U-2 is only about 10
15 min) and integrating many systems in order to establish a DPRA approach for

simulating large, complex NPP systems.
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Table 4-1 The different ranges of the transients employed in the present study

Nominal values
Transient description Transient level (Arda 2013; B
Sefy et al. 2019)

Max= 0.0015

Min= -0 0015 0.0[Steady State]

Transient PL: Changing the reactivity |

Transient P2: Changing the steam generatc Max= 10%

steam valve coefficient (§ Min= -10% 6.0
Transient P3: Changing the reactor core inls Max=5°F 296.9F
temperatureTp) Min= -5°F '
Transient P4: Changing the steargenerator Max=5°F 625.F
inlet temperatureTip) Min= -5°F '
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Table 4-2 Selected SD model input uncertanties: standard deviation and

distributions

Nominal Standard .
Parameter Symbol (Mean) Deviation Reference
Normal Distributed Inputs

Specific heat of
primary coolant Cc 1.448 0.01448 -
[Btu/lb.°F]
Specific heat of the (Sanchez edl.
reactor fuel [Btu/IPF] c 0.1056 0.001056 2018)
Specific heat of
feedwater in steam Cpi 1.278 0.01278¢ -
generator [Btu/IF]
Enthalpy of saturated (Perin and
water [Btu/lb] h o54 1.108 Jimenez 2017)
Enthalpy of saturated .o 5459¢
steam [Bu/lb] hg 1189 2.378
Heat transfer (Sanchez et al
coefficient from fuelto  Urc 0.090441111 9.044X%10° 2018) '
coolant [Btu/sec.ft°F]
Delaved ¢ )] 0.0124 2.4810*

trsor decay o 0.0305  8.23510%
gonstam or theys;x o 0.111 3.3%103 (Radaideh et al
delayed neutrogroup ] 0.301 9.63%103 2018)
i =1 é&é 6 [’ 3> 1.14 0.09918

’ ’ % 3.01 0.23779
Tota_l delayed neutron b 0.0065 4.61510%
fraction
b1 0.000215 1.827%10° _
Delayed neutron b2 0.001424  8.971x10° (Radaideh et al
fraction for the six b 0.001274  1.22%10* 2018)
delayedneutron b4 0.002568  1.926x10*
groups, i = bs 0.000748  9.574410°
De 0.000273  4.613%10°

Fueltemperature C -1.9%10°5 -1.968%10° (Zimmerman et

coefficient of reactivity

al. 1999)
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Time constant for
primary coolant lumgd

to metal tube lump 1 U 1.2233 01233
heat transfer [s]
Time constant for
primary coolant lumpz -~ .o~ roon
to metal tube lump 2 W2 0.5826 0.05826
heat transfer [s]
Time constant for
metal tube lump 1to - g 03519 003519  eeem
primary coolant lump 1
heattransfer [s]
Time castant for
m_etal tube lump 2 to anz 0.1676 001676 e
primary coolant lump
heat transfer [s]
Time constant for
metal tube lump 1 to -
secondary coolant hez Uhs1 0.3519 003519 -
transfer [s]
Time constant for
metal tube lump 2 to -
secondary @olant heat Wis 2 0.1676 0.016v6 -
transfer [s]
Uniform Distributed Inputs Values
Primary coolant mass .
. Min= 44189 (Brown and

flow rate of inside the We 45555.56 Max= 46922 Zhang 2016)
core [lb/s]
Primarycoolant mass .

: Min= 22094
flow rate in the hotleg  Weni 22777.78 Maxe 23461 T
[Ib/s]
Primary coolant mass .
flow rate in the cold We-cl 11388.88 Mln—_11047 ______

Max= 11730

leg [Ib/s]
Primary coolant mass .

. Min= 22094
flow rate in steam We-sg 22777.78 Maxe 23461 T

generator [lb/s]
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Steam flow rate [Ib/s] Wso 4772.22 mg]x_:il692195 ------
Min=
Coolant temperature (L -1.0x10% -7.50410° (Demaziére anc
coefficient of reactivity ' Max= Pazsit 2002)
-1.249610*
Min=
Neutron generation 2.965%10° (Romojaro et
time [s] v 0.00003 Max= al. 2019)
3.03%x10°

* Uncertainties associated with the model input peeirsare determined based

on references iable 4-2.
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Figure4-1: Schematic diagram of SD model of a PWR considering uncertainties
associated with the input paramster
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Figure 4-2: Probability density and probability distribution of core damage at
different fuel temperatures
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Figure4-3: a. Fuel tenperaturep. Reactor thermgbower, andc. Steam pressure
responses due to changing thactivity levels (Transient-B).
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Figure4-4: a. Fuel temperaturdy. Reactor thermgbower, andc. Steam pressure
responses due to changing the steam valve coefficient (Trans2gnt P
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Figure4-5: a. Fuel temperaturdy. Reactor thermgbower, andc. Steam pressure
responses due changing the reactor core intetmperature (Transient®).
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Figure4-6: a. Fueltemperatureb. Reactor thermgbower, andc. Steam pressure
responses due to changing the steamrgémreinlet temperature (Transiendfp
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Figure 4-7: a. Percentage of outliers in the data with number of realizations
Convergence analysis of standard deviation of the fuel temperature
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Figure4-8: Ensemble average of the fuel temperateedizations under increasing
reactivity levels
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Figure4-9: a. Dynamic responsef fuel temperature at a +0.015 increase in the
reactivity level b. Temporal probability of core damage at the same transient
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Figure 4-10: a. Ensemble average of the fuel temperat@walizations under an
increasing reactivity and steam valve coefficidnt Percentage increase in the
maximum fuel temperature relative to the mean values
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