ABSTRACT

LEE, JOOMYUNG. Development of the Machineearningbased Safety Significant Factor
Inference Model for Advanced Diagnosis System (Under the direction of Dr. Nam Dinh)

Diagnosis is the process of identifying the nature of abnormal occurrences to provide the
information for predicting the consequences in the operation of the management and control
system. The Nearly Autonomous Management and Control (NAMAC) system rgegmaited
system that delivers recommendations to the operators to make a decision through diagnosis,
prognosis, and strategy assessment based on the Atrtificial Intelligence (Al) technical support for
accident management. The-gliided diagnosis, the primastage in the NAMAC system, aims
to identify the plant damage states by using the Machine Learning (ML) algorithm.

In this dissertation, the Mbased Safety Significant Factor Inference Model (SSFIM) is
developed to infer the safety significant fact86F) by training the Recurrent Neural Network
(RNN), used to deal with sequential data, during transient in Experimental Breeder Reactor I
(EBR-II). In the research, the fuel centerline (FCL) and cladding temperatures (CL), directly risk
related variablesare specifically designated as the SSF, a surrogate index used to represent the
physical damage states during a transient. To generate the training dataset for the ML algorithm,
GOTHIC simulates the transient resulting from fo$dlow (LOF) accident owng to the pump
operation status in a simplified EBIRreactor. The objective of the Mhased SSFIM is accurately
inferring the SSF in real time from the measured physical variables, even though the measurement
data includes the random noise.

There are esveral technical challengas development of the Mibased modeldata
insufficiency problerg, algorithm adequacy, and training process issBeme sufassumptions
under the data generation process established taover data insufficiency issise Potetial
challenges from algorithm adequacy and training process problems are sallveddnfirmation
of hypotheses through the first case studligo, three major capabilities of the ML model are
identified to be used in the Ajuided diagnosis model.

Firstly, by using the RNN, the Mibased SSFIM is well trained to infer the FCL
temperature within 1% accuracy, even if there is 5% random noise in measurement. Secondly, the
adapted MLbased SSFIM is able to map the temperature distribution in the reacemdysin
one mass flow rate data and become the faisggrreattime inference model by predicting the

one second later SSF from the current measurement. Lastly, tHeas#d SSFIM shows good



inference ability through the extrapolation test in which itetev20% of pump operation status
even though the transient scenarios are out of range of the training dataset, however, there is a
limitation that model performance becomes poor when the extrapolated range in testing is far from
the training dataset. THeSFIM is completed as a knowledgased datalrive model since the
ML model is developed by not only the Al techniques but also the thdwydahulic
computational code result.

The proposed developmental workflow and developed robust SSFIM contribdte to t
design of the Alguided diagnosis model in the NAMAC system. By using the ML algorithm, plant
damage states can be inferred from the measured physical variable in the reactor. The physical
variabl ebés change r ange i mselechtle inpubfeatara forithe ®id s c a |
model. In this work, the mass flow rate at pump #1 is the most powerful input variable because of
reverse fl ow. To i mprove the SSFI M6s model p
reduction of the sensor noisy),subdivision of the physical variables in the normalization process
to train the model, Ipeadeventstudy to generate a large amount of data, and 4) identification of
the component 6s o p e rbasedS8HIM iseaxpedted © be ulilteeavelopt he Ml

the advanced Aguided diagnosis model in various ways.
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CHAPTER 1. INTRODUCTION

1.1Backgrounds

To operate a nuclear power plant safely, risk, which is caused by various accident
scenarios, should be managed, to abide by the
index to evaluate nuclear safety. Isaisfied by both societal acceptances to design and operating
in public criteria [1]. Risk management entails a decisi@king process to resolve the problems
with risk assessment and allow the operator to decide based on their understanding ofitime situa
In the risk management point of view, decisimaking indicates the response strategies against
not only accident conditions but also operational states.

The diagnosis requires precise measurement and a reliable process, as it is the primary
stage inpredicting consequences. Generally, the diagnosis includes not only the capture of
unnatural signals in the system but also the interpretation of the problem, which is revealed by the
symptoms. An operator must understand the overall system operatismtstatanage and control
the nuclear power plant.

This research focuses on the development of a Machine Learning (ML) based inference
model by using advanced techniques during transient to provide decent information for the
Artificial Intelligence (Al) guded diagnosis model. Currently, a variety of stHtéhe-art
computer science techniques are offered for the development of the management and control
system from the engineering perspective. This thesis suggestdimeeaiference model, which
aims todiagnose the plant damage states from multiple physical phenomena in the reactor system
by utilizing an ML algorithm.

1.1.1.Nearly AutonomousManagement and Control System

Nearly autonomous management and control system (NAMAC) refers to a system that
delivers recommendations by Al technical supports to operators for not only the safe operation but
also accident management [2]. The NAMAC system is not a fully autonomous system but a nearly
autonomous system because the system performs diagnosis a@mbsmoand provide a
recommendation to the operator; however, the inherent right or authority to make any decision is

still held by the operator. As we can see in figure 1, the system consists of three stages: 1) Al



guided diagnosis to identify the plamgerational/damage states, 2) simulatb@sed prognosis to
forecast the consequences, and 3) evaluation of strategic recommendations to suggest an action to
the operator. The system utilizes simulatinformed datadriven training, Alguided inference,
fasterthanrealtime simulation, knowledgbased operating procedures, and severe accident
management guidelines to aid in the establishment of thénfskned decisiormaking process

for normal operatioranticipated operational occurren¢@$0), DesignBasis Accident@BA),
andBeyond Design Basis AcciderBDBA).

( NAMAC System\

Al-Guided Diagnosis |
I Y 1

Simulation-Based
Prognosis

Data Assimilation &

Filtering Process H v
]

- p . Evaluation of Strategic/Tactical
Strategic/Tactical Options g

\ Recommendations )
Signals 1

Nuclear Power Plant

Operator

Actions

Instrumentation Control
h

System System Decision Making

Figure 1.NAMAC System Conceptual Architecture

The NAMAC system is expected to bring a transition from an opecaturic plant control
system to an Afuided catrol system in the risk management regime. There are two main
advantages: 1) reducing human error and 2) recommending optimized action. The NAMAC system
performs rational analyses to avoid the human
stress wing to the accident initiation and progression. By using a number of simulation data for
the ML training, a suggested strategic recommendation would be the most appropriate and timely
response needed to accomplish the intended goal. The process |déasks tioecgap between risk
informed decision making for a real pl ant anc

which is based on predetermined conservative assumptions from traditional safety analysis [3].



1.1.2.Researcltscope

For theoptimized decision, an improved rigkformed decisiormaking process should be
derived from a rapid and reliable diagnosis process. Through specifying the research scope, the
utility and applicability of the model are examined. The research scope isdlivith diagnosis
scope and accident scope which should determine what (and how) to diagnose and what data to
use.This section demonstrates a safety significant factor (SSF) and transient as a diagnosis scope

and an accident scope, respectively.

Safey Significant Factor

The research focuses on the inference of plant damage states based on measurable physical
symptoms in the reactor system. The Jddsed diagnosis model is used to infer the physical
damage states of the reactor in {tgale. In order tadentify the physicatlamagestates, selecting
the obvious variable which represents the plant damage is required.

The SSF is introduced to indicate the physical damage states because of a transient or
accident. It is used as a surrogate index to reprakenpotential risk. Since the risk can be
identified when the fuel is damaged, another index is required to describe the plant damage states
in transient or DBA.

One of the requirements of the SSF is representativity. Since safety is not observable, the
risk is used to analyze the safety of the reactor operation. Fimobabilistic risk assessment
(PRA) perspective, one of the representative risk indices is core damage frequency (CDF), which
is the quantified likelihood of fuel damage. However, thee @amage cannot be estimated as a
numerical value in regime, hence, an SSF, which is a kind of physical variable that represents
the condition of a structure or safety barrier directly related to the integrity of the fuel element, is
suggested.

Theother requirement of the SSF is obviosity. For example, radioactive material must be
detected in the reactor after core damage, likewise, if containment fails, radiation will be released
to the environment. In the Light Water Reactor (LWR), the claddingidvibe locally damaged
owing to Zr oxidation when the temperature exceeds 1000 [K], moreover, above 3100 [K] of the
fuel temperature, the core would collapse and be relocated by UO2 melting [4]. Figure 2 illustrates
the core degradation process with terapae in the LWR. Such physical variables, which
obviously indicate plant damage states, are referred to asT&8S§;. not only the consequence



variables but also riskelated variables could be selected as the SSF. The SSF application to this

study is desribed in the research assumption section.

« Early Phase -I* Late Phase -
1000 1300 2000 2500 3000 [K]
>
Phenomena L . .
Zr Oxidation Zr Melting UQO: Melting

Degree of  |ocal Cladding Damage

degradation Local Core Damage

Significant Core Damage
Total Core Damage (Core Collapse and Relocation)

Figure 2. Core Degradation Processtire Light Water Reactor

Transient

In the research, a transient is the target operation status used to diagnose the plant damage
states. As illustrated in table 1, a nuclear power plant state is divided into two states: operational
states, which consist of normal operation &@O, and acclent conditions DBA and BDBA,
including severe accident [5]. Transient is also known as AOO which does not induce any
significant challenge but might be the initial stage needed to evolve to DBA or BDBA. Although
a severe critical effect, such as fuel dgmais not considered in the transient, the abnormal
condition has a much higher frequency of occurrence2tilreactor year) than accident

conditions [6].

Tablel.Pl ant St ate Description, Adiaationefthe [AEAGafetys Consi d
Requirements for the Design of Nuclear Power Pl ai

IAEA
Operational States Accident Conditions
Anticipated Beyond DesignBasis
. Operational Accident
Normal Operation o
CCUITENCES Design Basis Acciden] a Severe
(Transient) 9 Accident

aBeyond design basis accidents without significant core degradation

Since any visible critical effects related to risk indices owing to safety challenges are not
apparent in the operational stgtén order to infer the physical damage, a proper SSF should be
determined in the transient realm. In the nuclear reactor system management and control system,

arisk indicatesthe fuel damage or radiation release, which are directly related to risk. For the
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severe accident conditions, core damage or fission product release amount would be used as the
SSF from the PRA perspective, whereas, the variable that represents core istegrity be

chosen as the SSF in both DBA conditions and operational states in which the core is not damaged
yet. According to the PRA report, core damage is caused by fuel melting with cladding damage or
fuel pin failure due to cladding breach by eutectitack. Therefore, fuel centerline (FCL)

temperature and cladding (CL) temperature would be appropriate SSF.

1.1.3.Research Objective
The main objective is to develop the Nbiased SSF inference model (SSFIM) for the Al

guided diagnosis model in ti¢AMAC system. To support the main objective, there are three
goals:
V development of the Mibased model to infer the plant damage state,
V identification of the input dataset to infer the plant damage state, and
V extension from the given partial informationuoknown information by using the ML
based inference model.

The multiple case studies will be implemented according to the component requirements,
which correspond to the specific objectives. Component requirements that imply the essential
features to be k&n into account for model development determine the expected functions of the
model, inputs, and outputs in an operational workflow, and simulation data in accordance with the

research scope. Further details are in chapter IV.

1.2 Motivation

As both the cuent data and established knowledge are necessary to identify a problem,
the measured symptom data is also indispensably evaluated in the diagnostic process to determine
the quality of the data sets. The diagnostic procedure is a process used to figlueereagton or
SSF based on observed physical symptoms or measured physical variables in the plant. If the input
data is not true or intact, even though a wrelined model is prepared to get a correct output, the
output from the model must be wrong; imtcput er sci ence, there i s an
Garbage Outo. Therefor e, not only developing
evaluating the input datasets for meaningful information extraction are preconditions for getting a

reasonable outy value.



Black Swan Theory

Classification of the diagnosis problem re
remark in which the problem is perceived based on awareness and established knowledge. Black
Swan Theory introduces the concept that an agserften inappropriately rationalized by hindsight
after the fact as if it could be expected. Taleb used the following metaphor to explain the theory:
APeople believed that all swans are white wunt
showsa | i mitation to our knowl e d]gThe theorpwarngusper i e
not to blindly believe our knowledge which is established by the experience so far. Also, Donald
Rumsfeld, who was the United States Secretary of Defense, has rerabhdkgdecognizing a
problem based on awareness and knowledge in 280X dble 2 shows how the problem is
categorized into four cases: known knowns, known unknowns, unknown knowns, and unknown
unknowns 9]. Both theories emphasize the necessity of prualemvaluation of existing

knowledge and observation for the problem recognition before finding its corresponding solution.

Table2 Rums f el dés Matri X

Knowledge
Known Unknown
Awareness
Known knowns Known unknowns
Known (Recognize th@roblem and (Recognize the problem and
utilize the solution) examine the solution)
Unknown knowns
Unknown unknowns
Unknown (Expose the knowledge to _
) (Need more experience)
practice)

Likewise, before diagnosing the plant damage statesthe physical variable signals, the
incoming data sets must be evaluated to assure whether the signal dataset is intact and
knowledgeably consistent for the diagnostic procedures. The drawback in a signal dataset is caused
by sensor malfunction with iige signals or missing signals. Firstly, if one or more missing signal
resides in the incoming dataset, the intactness of the dataset is broken. A signal dataset is composed

of measured physical variables, such as temperature, pressuraassftbw rate, by installed
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devices in the reactor or the plant and the intactness of the dataset is determined by the number of
signals. When any of the signals are not able to be received by sensor failure while physical
symptoms are sequentially observed, the sigatdset is regarded as damaged. Secondly, false
signals in the dataset must give rise to knowldolgged or physieBased inconsistency between
signals. Even in transient or accident progression, physical symptoms should retain the consistency
of each othein a confined volume. For instance, from a knowledgeably reasonable perspective
point of view, the core outlet temperature surely increases when the cormasetflow rate
decreases. Since one of the reasons for a wrong diagnosis result is usipytadataset that
includes false signals, the false signals should be eliminated in a diagnostic procedure.

According to the incoming dataset analysis, the initial step of the diagnostic procedure is
influenced. Table 3 describes the solving process withipm classification. In the first case, if a
signal dataset is intact and signals are knowledgeably consistent within a dataset, using a proper
logical diagram is a straightforward solution under the obvious conditions. In the second case, if
there are sme missing signals but the rest of the signals are correct, diagnosis is implemented
based only on given information. Thirdly, in the case of diagnosis from an intact dataset including
some false signals, reasonable physical variable data should besgekéiotput for the diagnostic
procedure. Lastly, when some signals are absent in a dataset and the given signals are not
knowledgeably consistent, that is the most complicated case, a plausible scenario would be

presumed.

Table3. Problem Classification and Solving Process in Diagnostic Procedure

Consistency Signals are knowledgeably Signals are knowledgeably
consistent inconsistent

Intactness (Incoming signals are correc{  (False signals are included)

Signal dataset is intact _ _ Diagnosis with extracted

o _ Use logical diagram _ _
(No Missing Signals) reasonable information
Signal dataset is damageq Diagnosis with given _ )
o _ _ _ Presume plausible scenario
(Some Missing Signals) information




1.3.Dissertation overview and outline

The current chapter demonstrates the background, research scope, objectives, and
motivations of the research. The rest of the dissertation is structured as follows.

Chapter 2 describes the overview of theghided diagnosis by introding the ML
algorithm, digital twin, and NAMAC diagnosis structure.

Chapter 3 depicts the developmental workflow with technical components. The workflow
shows how the Mibased SSFIM is developed, what technical components are used, what
potential challengs should be considered, and what assumptions are necessayetdhe
challenges. The technical components include data genersiiospmponents, and training &
testing process.

Chapter 4 includes case study objectives formulated to specify thecteebgactives and
component requirements to achieve the specified objectives.

Chapter 5 provides the case study results. There are four case studies: 1) building the ML
algorithm for developing the Mbased SSFIM, 2) inferring the SSF by using only a fe&asared
physical variables, 3) extending tmgnosis rangby using the MEbased inference model, and
4) Identifying the inference ability of the Mhased inference model.

Chapter 6 analyzestheMba s ed SSFI Més model ptgyrésalts.mance
It demonstrates the notable findings and capabilities of théddled inference model.

Chapter 7 demonstrates the conclusion with contributions and recommended future tasks

for advanced Alguided diagnosis model.

1.4.Glossary

Diagnosis

Diagnasis is the process of identifying the nature of abnormal occurrences or the distinctive
characterization in the system to analyze the problem based on the symptoms. An operator who
fully understands the overall system operation status diagnoses the ededpBgstem of the

nuclear power plant.



Al -guided Diagnosis Model

An Al-guided diagnosis model indicates that diagnosis model based on ML algorithm
analyzes data or information instead of a human operator. Al technology is able to reduce stress
which is one of the major causes of human error because computer models are unaffected by
psychological effects and stress in analyzing the accident phenomena during abnormal operation

status or accident conditions.

Risk-informed Decision Making

Risk-informed dcision making is defined as decisioraking that is implemented not
solely by risk but by a variety of other considerations while taking account of inevitable
uncertainties. Since a decision is derived by integration of technical and nontechnical elements
from human judgement, risk, which is technically assessed by an engineering approach, is used as

an input in the decisiemaking process.

Safety Significant Factor

The SSF is a physical variable used to represent the physical damage states caused by
trarsient or accident progression. The fuel matrix and cladding tubes protect the fuel from the core
damage by the accident conditions. Since the condition of the safety barriers depends on their
temperature, the SSF i s arbpresentthe plantrstdte. & ia tiseful t h e
to denote the core conditions in the transient and DBA realm. As mentioned above, the SSF must

be chosen by considering the representativity and obviosity.

Physical Symptoms

In the nuclear power plant, the number of physical and chemical reactions are revealed
through physical symptoms which are used to describe the plant states. Physical symptoms in an
abnormal operation, in which obvious evidence are detected and usedye aha accident
conditions, are a result of the aggregation of a change in the phyaicles for instance, a

temperature increase, depressurization, or-puessurization.



Validation

Generally, validation refers to identification for ensurihgttthe result or requirement
satisfies the expectation at the end of the p
indicates the process that identifies the established requirements are met in testing at a specific
stage during developmeritom the validation and verification (V&V) perspective. However, in
the ML field, the validation process is a procedure to evaluate the model performance from the
validation dataset in the training process. Therefore, from the macroscopic development
pergective, the validation of the ML model is equivalent to the verification process in developing

the Alguided diagnosis model.

Knowledge-based, Rulebased, Logicbased, and Skiltbased
Human behavior in decisiemaking is carried out by behaviorode: knowledge, logic,
rule, and skill. The modes are classified by conscious level which is determined by how much

practice to execute the action®[11].

As figure 3 illustbaseddbéebow, raddémeawhe g
suppots ed t o make a-bdseciddi conchpdl ogi ised in th
t hat are Jlogically deter mi-maglie dody croenl ceevpatnti sk n

accumul ated knowledge with subshasenét i @ad n caenpdt si
completed through having a lot of experience. The knowledge is established by a variety of
experiences over a long period of time, and logics or rules suggest some effective methods for

|l earning thebakedd sc o mMmdeeompdishddvibyi diofessionalsand sufficient

training and learning, allows the operator to decide an optimized action immediately when the
operator recognizes an abnormal situation. Hence, the deansikimg model developed by using

a ObHlkislkdoc hapipmpraoves the operatorés technical

and efficient action.

Skill-based

Logic-based
Knowledge-based

Experience

Figure 3. Knowledge, Logic, Rule, and SkilasedAreas
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CHAPTER 2. Al-GUIDED DIAGNOSIS MODEL

This chaptedemonstrates the technical backgrounds of theblsiéed SSFIM. In section
2.1, ML is introduced with the concept of Artificial Neural Network (ANN), and deep learning. In
section 2.2, Alguided diagnosis with a digital twin, which is a part of the NAMACtesys is
introduced based on the operational workflow. Lastly, previous studies by using the ML algorithm

for the diagnosis field are introduced to compare with theld&ed SSFIM.

2.1. Machine Learning

ML is a broad concept of techniques that provideowisupport for identifying and
solving problems by learning from data. ML, which is a-didzipline of Al studies, analyzes the
data by using an algorithm, learns from the analysis, and predicts or decides based on the learning.
The objective is not dictly coding the specific guidelines for decision making but becoming
proficient at methods used to solve the problem by learning through an algorithm with a large
amount of data. In other words, general computer programming produces outputs from inputs
through an established program, whereas an ML creates the program itself from inputs and outputs
through an efficient algorithm. The evolution of Al is realized through the development of an
advanced algorithm instead of improving the capabilities of the atanprogram.

Generally, ML is divided into three categories: supervised learning, unsupervised learning,
and reinforcement learning. The subfields are classified according to the characteristics of
information that are the subject of the algorittif] [ Figure 4 shows the types of ML.

Supervised learning is a learning method in which labeled data are provided in training

datasets.

V The objective of supervised learning is to establish a rule that ascertains the relationship

between input and output data.

V After training, test sets, which are not labeled datasets, are used to evaluate the

prediction ability of the algorithm.

V Generally, supervised learning applies to classification tasks, in which it is used to

categorize data depending on patterns by predialiacrete values, and regression

problems, in which it is used to predict continuous numbers of value.
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Unsupervised learning is a learning method used to recognize hidden patterns from

unlabeled datasets.

V Unsupervised learning aims to discern fidden features or structure needed to sort
input data.

V Since the outputs are not judged right from wrong, it is difficult to evaluate the training
process and completeness. However, especially in the text/image processing sphere,
unsupervised learning &spromising technique to analyze the visual data.

V The clustering algorithm is a representative application of unsupervised learning.

Reinforcement | earning is a |l earning metho

t he Oagent 6 t trialhnd ermormapplbacs.ed on t he

V The goal of reinforcement learning is to acquire an optimized solution when the
obtained reward is a maximum valwue i n a s

V In contrast to supervised learning or unsupervised learning, the reinforcememiglearni
algorithm includes collecting data from dynamic environments. The learning is
proceeded by the agentds action which det

V Deep QNetwork (DQN) and policy gradient are statiethe-art algorithm for

reinforcemat learning.

Machine Learning

I I

Supervised Unsupervised Reinforcement
Learning Learning Learning
[ Classification } ‘ Clustering } [ Decision Process ‘

[ Dimensionality ]

Reduction [ Reward Systems ]

{ Regression ]

Figure 4. Types of Machine Learning

Supervised learning is an appropriate method for predicting the results that consider a
relationship between cause and effect. The supervised learning model produces outputs tha
respond to unknown input data in the same realm or about the same Juigddl. is assessed

by representation, which indicates data analysis to learn patterns or features, and generalization,
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which infers the unknown data process. Hence, the qualihe®dL system is determined by the
suitability and effectiveness of the algorithm, and various and generalized training datasets that

are completed through data processing.

2.1.1.Artificial Neural Network

ANN is one of the most used computational modelhe ML field. The ANN model is
inspired by the human brain, so the model constitution is analogous to aggregation of each artificial
neuron, which is also called perceptrdr8][ Figure 5 shows a singkayer perceptron that is
comprised of an input etor (@), bias ), a synaptic weight)( ), an activation function'@, and
output. Neuron of input indicates a feature of the input data in which influential characteristics are
reflected through weight in each edge. The activation funci@mges input signal into output
signal according to characteristics of the function. Through a simple mathematical term, a

perceptron is described by the following equation:

€

1)

EOONGD» UL

Output

Activation Function

Figure 5. Single Layer Perceptron with One Output

Feedforward Neural Network (FNN), in which information flows forward from the input
layer to the output layer, is shown in fig@.€The hidden layer, which is required to solve linearly
inseparable problems, is a bridge between the input layer and the output layer for filtering and
transforming input data. The user must define the proper amount of the number of nodes and layers

to avoid underfitting and overfitting the problem. Supervigadning in neural network follows
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these steps to makeMi model: 1) setting up the training datasets that contain input and output
data, 2) training a model by training sets, 3) calculating the error between data and output, and 4)
optimizing weights bygradient method with backpropagation. The ANN learning aims to seek a
weight that minimizes the difference between correct values and calculated outputs. In the
regression task, the Mean Square Error (MSE) method is utilized to compute the loss. MSE is
cdculated by the equation, where n is the number of samplesputput value from the neural

network, ando is labeled value in the training dataset.

0 "Y'OéE & O @)

With the MSE calculation, which is also called asadjective function §), a gradient
descent algorithm is used to find a minimum value of weight in the network. Gradient descent
eqguation is as follows, when learning rate is given:

O 0 | VU

The learning rate is an important hyparameterto train the model. Details are
demonstrated in Chapter Il

As the ANN sphere is developed rapidly, a number of high techniques and algorithms are
introduced to upgrade the process to model the neural network.

Input Layer Hidden Layer ~ Output Layer

Figure 6. A Single HiddeAayer Feedforward Neural Network

2.1.2. Deep Neural Network
ANN, which has two or more hidden layers, is called the Deep Neural Network (DNN).
Figure7 describes the DNN structure. Due to different featuresatiedearned in each layer while

input data go through the hidden layers, DNN is able to extract the complicated features better than
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shallow ANN [14]. For instance, as figui@shows, simple and detailed features (e.g., horizontal
line, vertical line, ordiagonal line) are learned in a lower layer and complex and abstractive
features (e.g., facial features, car shapes, or airplanes) are learned in a highggjlajerqugh
these processes, in which a number of parameters are involved for using-threeanfunction,

DNN comprehends higlevel datasets. The DNN development has led to a drastic improvement
in object recognition, speech recognition, and game fiBellB]. A detailed description of the

DNN componentgan be found in Appendix A.

Input Layer Hidden Layer Output Layer

Figure 7. Deep Neural Network

R TN
SN TP A Layer 1

2 Ad-)8=
A<B®™ = [
PN VRl | M Layer?2
B .rl);‘lw

Figure 8. Hierarchical ObjecPart Representations in the Convolutional Deep Belief Networks, Reprinted
from AConvolutional D e e Pnsupervisedd darnihbeot Hiemarchical f or Sc
Representationo by H. Lee et al, 20C¢
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2.1.3. Recurrent Neural Network

The RNN is a network in which compositions of units are connected to each other by
recursive relationships in a hidden layer. RNN takes not orgytimlata but also previous
information into account to deal with tinseries data for calculating output. The network
recognizes a dynamic pattern and extracts information by performing the same task for every
element of a sequence through a feedbackmebpork form L9]. RNN is a type of deep learning
which has been recently applied for language modeling, machine translation, and stock price
prediction R0-22]. Figure 25 shows that RNN contains a feedback loop, which allows the
information to go throughhe same hidden states alike the multgdene layers. The process
enables the hidden layer to memorize all the information that is learned from both the input data
and previous state$4]. The following are explanations and attributes ofdbenputation process
of RNN:

w is the input at time step t.

“Y is the hidden state at time step t. The equation describes the hidden state, in which the

parameters (U, V, W), input, and the previous state are variables in the activation function

(Q.
YYD O (3)
M is the output at time step t.
®» oY 4)
V \ \ \
W
U U U u

Figure 9. Recurrent Neural Network Architecture

A detailed description of thRNN and advanced modulean be found in Appendix A.
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2.2. Al-Guided Diagnosis Model

2.2.1. Digital Twin

Digital twin is a knowledgéased virtual environment in which all of the data and related
information about the actual system with various analysis models are preparechte, @ostrol,
and manage the real one. Digital Twin Diagnosis-@Tclass is a constituent elementdijital
twin hub to support diagnostic procedure in the management and control system.

DT-D class supports the diagnosis engine during transient or accident progression by
providing related information and diagnosis modules. Figirshows the DID class which
contains three types of storage: Data Record Storage ([3RByture, system, aromponents
Information Storage (SIS), and Diagnosis Module Storage (DMS). Digitalcontinually saves
the sequential physical measurement dataset in the DRS to convey the operation history to the
di agnosi s engine. The Siatn,suchmas aspamptmbdel, vahae typef a c t
measuring device model, and so on, and system/structure related information. The DMS possesses
a variety of computational diagnosis modules to cover the full range of operation conditions, from
normal operation ta severe accident. These storages each have a goal and role in the advanced

diagnostic procedure.

Digital Twin Diagnosis Class

Data Record S5C Information Diagnosis Module
Storage Storage Storage

Figure 10. Digital Twin Diagnosis Class Structure

Storages in the D'D Class supply data, information, and modules to operatwwlkdge
based, simulation datdriven, Albased, and highly modularized diagnosis engine. Tdble
describes the characteristics, types, sources, and purposes of the contents in each storage. As
mentioned above, DRS provides operation history, which is ggtge by measurement records,
as an input dataset to uided diagnosis engine to infer unobservable physical variables that
directly indicate the plant damage states. In the SIS, the knowtedgel and desigpmased
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structure, system, or compone(BSQ information from the documents, such as Design Criteria
Documentation or PRA Report, are kept and updated to deliver relevant information depending on
the transient or accident condition. DMS secures ML models trained by the ML algorithm with
simulation @ta to be used as an execution core in the diagnosis engine. Sibhase#ll models

are applied in the form of modules to build a core engine, the DMS contributes to improve the
modularity of the Alguided diagnosis model.

The DT-D Class records and updatbée sensory data and SSC information respectively
from the actual plant in normal operation, however, in a transient or accident phase, it offers saved
data, information, and developed modules to establish the diagnosis esggnégijre 11).
Sensorydat signifies both physical variable data
check on pump failure, electric supply failure, and so on. SSC information can be updated in
accordance with a maintenance plan or amendment of system details dumatpopevhile
diagnosis modules should be prepared before operation through a developmental workflow for the

Al-guided diagnosis model.

Table4. DT-D Class Storage Description

SSC Information Diagnosis Module
Data Record Storage (DRS
Storage (£5) Storage (DMS)
Knowledgebased and _ _
Contents . Machine Learning
o Recordbased Data Designbased
Characteristics _ based Model
Information
Contents Type Physical Variables Data SSC Information Computational Model
Existing

Documentations and ) )
. _ Machine Learning
Installed Measuring Maintenance Plan o _
Contents Source , _ o Training with
Devices (Design Criteria _ _
. Simulation Data
Documentation, PRA

Report, and so on)

Support Input Dataset Support related _ _
, _ _ _ Execution Core in
Contents Purposq  (Operation History) for information for _ _ _
) ) i ] ) ) Diagnosis Engine
Diagnosis Engine Diagnosis Engine
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Normal Operation

Sensory Data
Actual Plant DT-D Class DRS & SIS

SSC Information

Transient or Accident Phase

Support . ) .
Actual Plant DT-DClass  f------=—-- + Diagnosis Engine

Sensory Data T

Figure 11. Role of Digital Twin Diagnosis Class

2.2.2. Diagnosis Engine

An Al-guided diagnosis engine aims to identify the plant damage states which are
represented by a dominant event, SSC availabilityS®igin the reactor system. In other words,
the diagnosis engine includes three modules to achieve an individual obj@tterefore, the
engine should be designed with a statdular structure, which is shown in Figli2 on account
of the unique interface that each element achieves the specific outcome from shared input datasets
[23]. The sensory data and operation higtare used to infer thehysical damage statby using
Modulel; identify the event type and progression states by using Mdéfjuied search the useful
SSC information to plant action strategy by using ModlleAlthough, in order to diagnose the
various types of transient or accident cases, developing modules cost a lot of time and effort, in
virtue of high modularity, the diagnosis engine is flexibly transformed in accordance with
conditions. Figurel3 shows the way to complete the diagnosis engmeugh module

combinations.

M-Il

—

Diagnosis Engine

Figure 12. Diagnosis Engine Structure
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Data Record Storage Actual Plant

lTransient or Accident Conditions

Request the Modules -~ Diagnosis Engine

Diagnosis Module Storage -

/,/”/ ‘ Engine Completion
e

Tl M-Il

Provide the Modules & [_]

Diagnosis Engine

Figure 13. Diagnosis Engine Completion through Diagnosis Module Union

2.2.3. Operational Workflow

The Al-guided diagnosis model is implemented to not only infer the current plant damage
states but also verify the effect of an executed action plan as a dynamic diagnosis model. As we
can see in Figurg4, a general diagnosis operational workflow consi$teur steps: 1) Activate
the Diagnosis Model, 2) Arrange the Diagnosis Engine, 3) Operate the Diagnosis Engine, and 4)
Infer the Plant Damage States. IDTclass supports the sentiment that one should arrange and
operate the diagnosis engine by providisgjtable modules corresponding to the transient
conditions. After a specific decision making, if the operational condition is changed, the diagnosis
engine is rearranged and operated because the activated diagnosis model keeps working while
operating thenanagement and control system. Then, the diagnosis engine is used to identify the
next step plant damage states wikigh are refl e
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Normal Operation

l

Safety
Challenge

Activate Diagnosis Model

Support

' v
Support Yes
Digital Twin Diagnosis Class Arrange the Diagnosis Engine Re-arrange the Diagnosis Engine
Operate the Diagnosis Engine Operate the Diagnosis Engine
Support
Operational i .
Infer the Plant Damage States Condition Identify the Effect of Action
¢ Change?

Action Execution

Figure 14. Al-Guided Diagnosis Workflow

Arranging the diagosis engine determines that the modules inD€lass would be
appropriately selected by meaningful sensory data. To assemble the diagnosis engine, the
diagnosis arrangement includes a filtering process that sorts out the correct signals in the incoming
physical symptom measurement dataset. The workflow for extracting valuable signals among the
whole signal set is based on the problem classification in table 3.

Figure 15 illustratesthe steps to arrange the diagnosis engine by considering incoming
signal dataset evaluation. From the actual plant, electrical sensory data travel to a diagnosis engine
which is an initial version before diagnosis module combination. The sensory datah&om
incoming data collection is categorized into two groups, physical variable measurement signal,
and component state signal, to function for different objectives in which one is selecting the SSF
inference diagnosis module and the other is identifyi®@@ &vailability. The collected incoming
physical variable dataset is divided into an input vector, which is composed of known and correct
signal data, and an output vector, which is unknown or incorrect signal data, through two
evaluation steps hefalsesensorydatadetectionmodel (FSDDM) aims to distinguish suspicious
signals from the incoming signal set before diagnosis engine configuration. Incorrect measured
values which are included in the input dataset cause the erroneous results from the diagnosis

engine. Hence, the suspicious signals should be subtracted from incoming dataset before selecting
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diagnosis modules to avoid error from sensor malfunction. The FSDDM, which works in the
diagnosis engine arrangement process, is utilized to discern plysiwaasonable signals from
correct signals during the physical variables monitoring right after a safety challenge.

Figure 16 shows the information flow in these steps to describe how to extract the
meaningful signals, present and correct physical sympnformation, among the incoming
dataset and interface with EI¥ class in the operational workflow. An incoming dataset is divided
into component signals and physical variable signals. The present and correct component signals
are used for searching theated SSC information in the SIS. Meanwhile, by using the FSDDM,
the physical variable signals are classified into missing signals, present but suspicious signals, and
present and correct signals for selecting the diagnosis module in the DMS. Aftieistiiiécation
of the physical variable dataset, the operator makes a decision on which variables would be the
inputs and outputs of the Ajuided diagnosis system. The operator can choose the suspicious
physical variables as the outputs if it is necessawever, in the research, the output is assumed
to the SSF. Through the processes, the appropriate diagnosis modules are assembled as core parts

for the diagnosis engine in accordance with the signal evaluation result.

Sensory Data Diagnosis Engine
Actual Plant — Categorizing into Groups
(Incoming Data Collection) g & s
v ¥
- P . Component Physical
Digital Twin Diagnosis Class Signals Variables

Operation History
| Data Record Storage li

SSC Information ) L Present Component Signals
4| SSC Information Storage | Missing Signals
from "_“ta”e‘j Physical Variables
4" Diagnosis Module Storage Devices?
Separate Missing Signals from the
T Incoming Signal Set
False Sensory Present Signals
Data Detection
Model Suspicious Yes
Signals in &
Measured Data?
Separate Suspicious Signals from
Missing Signals Present but No the Incoming Signal Set
] Suspicious Signals
Qutput Determination l-.
Present and

Input & Output Type Correct Signals
Input Determination

Appropriate Module Selection J
| Diagnosis Modules Assemble |

Figure 15. Diagnosis Engine Arrangement Workflow
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Incoming Dataset N/A Present and Correct Component Signals
: )] --—-—-—— >| SSC Information Storage in DT-D Class I

PV h T Valve

PV, T2 N/A e Present Signals

PV, T, N/A &

PV, P, Py Ty

Pl : ; Py -

PV, |=| FR, = FR, T, — : 4~| False Sensory Data Detection Model l

CS, PS, PS, N/A FRy/,

CS, PS, N/A N/A

: : : Py
CSy Valve,/ Valve,/ i Suspicious Signals Correct Signals
FRy/,
Physical Variable Measurement
Missing Signals
PV :Physical Variables
CS: Component States N/A T2 t
T: Temperature — (N/A) = (T‘) _'| Output Type | | Input Type I
P: Pressure t ot T I
FR: Flow Rate : _______________ }
PS: Pump Speed Safety Significant Factor [
Valve: Valve States
Trer, . —
T Operator’s Decision
ct/y l

| Diagnosis Module Storage in DT-D Class l

Figure 16. Information Flow to determine Inputs and Outputs for selecting Diagnosis Module

Diagnosis engine operation demonstrates the process to identify the plant damage states
basedon the signals and operation history to provide initial conditions of the prognosis stage.
Physical damage states for the predictive model, dominant event and SSC availability for planning
the action strategy are outcomes from the diagnosis engine foh wlagnosis modules are
assembled in the previous step. Figlifdlustratesthe Al -guideddiagnosis engine operation flow
that represents the interface between the actual plant and prognosis stadANIAR system
The research focuses on developihg tSSF inference model for the -@lided diagnosis
operation.

A detaileddescription of backgrounds for the NAMAC systean be found in Appendix
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Data Record Storage Diagnosis Engine

Operation History
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l

Predictive Model in Prognosis Strategy Planning

Figure 17. Al-guided Diagnosis Model Operation

2.3. Literature Review

Currertly, diagnosis programs are developed by logical and existing knowledge. Accident
Diagnostic, Analysis and Management (ADAM) system and-Rikkmed Severe Accident Risk
Diagnosis (RISARD) System have been developed for comprehensive accident analydesan
power plants 24, 25]. The diagnostic module in both systems are established by -basgel
approach from the selected plant or code parameters that represent the plant symptoms. In the
RISARD system, the accident scenario is analyzed based platit@lamage state sequences that
are determined by occurrence frequebaged ranking. In other words, the most probable plant
damage state is assumed for the next step of the scéaaad prognosis. The systems may be
challenged by overlooked potensidhat happen by less probable scenaiitzsvever, the ME
based model is able to diagnose the plant states regardless of the frequency, unless less probable
scenarios are omitted in the training dataset on purpose.

TheML is applied to develop advanced diagnosis tools to reduce human error. Supervised
learning predicts a reasonable outcome about unknown situations by understanding the patterns
from other similar situations. Tibneofthelddidentas b e «
initiator and the plant stateo0O because a sevVve
phenomena in a confined building [26]. For the traininghe ML, deterministic computational
simulators such as MELCOR, MAAP, or RELAPBde produce training datasets. Symptom
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Based Diagnostic System (SBDS) was developed by using the two hidden layers FNN to predict
the accident features &loss of coolant accident QCA) scenario [27 31]. Through the physical
symptoms, which were simated by RELAPS, event conditions including pipe break size,
location, ane&@mergency coolant cooling systeBCCS states during the accident were identified.

The SBDS is a symptotfimased approach to achieve the exmaged diagnosi®dditionally, to
obtainat ransi entsodé type, severity, and | ocation,
aggregation functionln case of theknowledgebased operator support systemrincipal
Component Analysis (PCAyasutilized to extract the features for the input veatathe FNN to

identify the fault sizeand locationsdue to tuberupture [32]. The Dynamic Neural Network
Aggregation (DNNA) model was able to evaluate the LOCA, Steam Generator Tube Rupture
(SGTR), Steam Line Rupture (SLR), and Feedwater Line Break (FieBjasios. The RNN was
utilized to classify transients for dynamic event recognition [33]. ALADDIN, which was
developed by a combination of fuzzy clustering and the RNN, used a Wavelsh®©Rre
processing (WOLP) to extract the features compactly by wiedavavelet decomposition due to
long-term temporal dependencies of the tisagies datasef34]. To estimate the confidence level

of the accident typghe RNNwascombinedwith convolution neural network (CNNi the rovel

fault diagnosis scheme3B The confidence levelWwhichindicatesthe severityof the fault,was
determined byhedifference between outputs of the RNN and CNN.

The ML model isalso applied to diagnose the accident conditjossch asa severe
accident In the snart support sysie, there are seven modulas diagnoseDBA and a severe
accidentby using cascaded fuzzy neural netw{8g]. The smart support systeestimaed the
LOCA break size and prededthe hydrogen concentrationtime containment vesselith reactor
vessel water levellThe multi-layer CNN wasusedto identify the offsite doses within a certain
distance from the plarfor the evacuation plarf37]. These high techniques provide effective
support to the operator for reliable diagnosticcpsses.

Since physical phenomena that influence the plant damage status adepemelent, RNN
is a more suitable method to use in the diagnosis process in comparison t@HeNRNN is
learning with the given data independently, which is, in other words, tlerseg of data that is
not considered in training, whereas RNN is updated not only by current input data but also by

previous information.
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In this research, the RNN is used for the dthised SSFIM as a part of an-guided
diagnosis model, which deals withe longterm time series data during a transient. In previous
work of SBDS B(Q], input parameters, which are inlet temperature, outlet temperature, steam flow,
etc., had a relatively uniform pattern or esieection pattern over the entire transient peod 60
seconds. Because the assumption to diagnose the LOCA scenario was that 60 seconds are sufficient
to capture the accident conditions, the FNN methodology could be applied in a short length of
time. Also, to overcome thetimte pendent pggbkgmfi bhesam funct|
the outputs of the FNNs of previous, current, and next time s3¢ps'he methodology seems to
be a valid approach during a short time window (several seconds). Even in the previous RNN
model, a large amount of tramy datasets would be a major weakness to the developed model
[32]. However, a transient case generally lasts for longer than several seconds. Also, physical
symptoms in a transient would diversely change according seémaridecause the management
andcontrol system should keep operating thegfllded diagnosis model to identify the effect of
an operatorés action. In virtue of the advance

of time-dependent dataset with a letigme window for a transint

2.4. Summary

In this chapter, the Aguided diagnosis is introduced in the aspectaafesign and
operational workflow. The Aguided diagnosis aims to identify the dominant event, the SSC
availability, and physical plant damage states duthmeg ertire plant statedo provide useful
information for the prognosis and strategy planning in the NAMAC system. The Al techniques are
utilized to design the models and the digital twin is also used to support the diagnosis model. By
using the concepts, thesearch work focuses on developthg ML-basednodelto infer the SSF

in the following chapters.
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CHAPTER 3. TECHNICAL COMPONENTS

In this section, several technical components are suggested with the developmental
workflow to achieve the researchjectives by confirming hypotheses. The technical components
describe 1) what specific techniques are used based on the assumptions, 2) what challenges may

be faced, and 3) how the problems can be solved to confirm the hypotheses.

3.1.Research Assumptios and Hypotheses

For the designing of the Mbased diagnosis model, assumptions provide foundations to
establish the hypotheses. There is one assumption to reflect the philosophy ofgtineeAl

diagnosis and are three assumptions to cover the limitatidghe development process.

3.1.1. Assumptions
I.  Fuel centerline temperature and cladding temperaturth@®SF

The SSIM aims to infer the unobservable variables from measurable physical variables.
According to the data digitization report from Idaho National Lab (Yoon et al, 2014),
tungsten/rhenium thermocouples are installed to measure FCL, coolant, and stroatara
temperature including cladding temperature. In virtue of strength of the materials, the accuracy of
device is within N 1% at the anti cB.Haweeed FCL
the | imitation of the FCL tahwhicimbecloconpllcande i s 2
damaged [8]. Then, the core damage cannot be monitdEeen though the minor core damage
may occur around 1250 °C 4523 K), the extent of the core damage state cannot be monitored
because, as we can see in tablth&coredamages observediround1746°C ( 2019K) [39].

From this perspectivausing the measured FCL temperature may be fair enough to identify the
core condition in transient or DBA, but, in the BDBA sphere, inferred FCL temperature is
necessaryo identify the core damage statssice the NAMAC system covetke full range of
operation conditiondf the ML-based SSFIM is valid in transient cases, it would be applied to
DBA or even the severe accident sphéneBDBA or a severe accident, the FCL temperature

should be inferred to identify how much the core has been damaged, which is never physically
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estimated by the thermocoupldés conclusionfor the Alguided diagnosis modethe FCL and

CL temperatures are assumed t®&is-which represestthe plant damge states.

Table5. Reactor Conditions during Instantaneous Reactivity Insertion Accidents from Experimental
Breeder Reactor I (EBR1 ) Level 1 Probabilistic Risk Assessme
National Laboratory

- Hot Pin Peak Fuel | Hot Pin Fuel Meltin

Inserted Reactivity ($ Temperature (°C) Time (sec) 91 core Damage State
0.2 1124 - No Core Damage
0.25 1189 - No Core Damage
0.3 1250 38.7 Minor Core Damage
0.4 1367 10.01 Minor Core Damage
0.5 1486 3.64 Minor Core Damage
0.7 1746 0.508 Core Damage
0.85 1953 0.159 Core Damage
1.0 2167 0.108 Core Damage

ii.  Deterministic code is a besstimate code

The deterministic simulation results, which are used to train and test tlagghtlithm, are
assumed to be real physical phenomena in the reactor system. A large amount of data must be
prepared to train and test the ML algorithm, but the real data amount is too little to train the model
because of the rare occurrence of a nucleadent. To compensate for the lack of actual data,
data feed from the simulation code is the alternative. Therefore, the assumption that GOTHIC is
the bestestimate code to generate the physical variable data in the reactor system eliminates the
limitation of data sparsity. GOTHIC is an integrated thermadraulics code for safety analysis
from the Zachry Nuclear Engineering. It solves the conservation equations for mass, energy, and
momentum based on the lumped parameter model to simulate various thednaailic
phenomena in the reactor system. In order to support the assumption, a validation process between
the computational simulation code and experiments is required. Through the benchmark study,
GOTHIC code proves its capability by comparison betvggmlation results and experiment data
of the Shutdown Heat Removal Test (SHRHAO][ Reactor Analysis and Virtual control
Environment(RAVEN) is a multipurpose framewotkwhich can be directly coupled with the
deterministic codeto generatea large amont of data according to thieead eventaccident
conditonsoroper at or 6s action strategy.
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By solving the conservation equations for energy, mass, and momentum through the
deterministic thermal hydraulic software packag theRAVEN framework abnormal physical
symptoms formulated with numerical values are used to train, validate, and test thas&tl
SSFIM. The assumption plays the role of a bridge between a digital environment and the real
world. According to the researchsasnptions above, the SSF is not measured by sensors in the
core region and the numerical results from the deterministic code replace the actual physical
variables in the reactor system. Therefore, in the research, the SSF is regarded as the FCL and CL
temperatures from the GOTHIC simulation result.

iii.  Tofocus on the SSF inference, other technical functions of tgriled diagnosis model

are fulfilled.

The objective of the research is identification of the plant damage states through the SSF
inference byhe ML algorithm. In order to concentrate on the topic, other aims of tigriided
diagnosis model, such as dominant event identification and SSC availability identification, are
assumed to be known states. The technical components, which are also bdkadaimologies,
will be discussed in the further work part.

iv.  Not only the incoming data but also shtatm operation history in the DRS are intact and
correct.

During the diagnosis system operation, the physical variable measurement signal set should
continuously flow in the system at regular intervals. Specifically, not only one incoming dataset at
every second but also thorough retention of stesrh operation history in the DRS to convey the
recorded data to the diagnosis model is required. I otbels, the FSDDM does not need to be
activated for the study. To satisfy the requirements, it is assumed that there is no data absence and

no false data while the Mbased SSFIM is working.

3.1.2.Hypotheses
By confirmation of hypotheses, the objectfethe researcls achieved. There are three

hypotheses to prove the capability of thedlhsed SSIM in a transient case.
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I. The RNN would be an appropriate algorithm to deal wiithe dependenphysical
phenomena.
There are many neural network typesha ML algorithm: FNN, RNN, CNN, and so on.
Because the RNN is known to treat the sequential data among the neural networks, adequacy of

the utilization of RNN for the diagnosis would be confirmed

il. By using only a few measurable physical variables, 88#d be able to be inferred
by the ML model.

GOTHIC code produces a lot of types of physical variable dataset. However, tid SSF
may not need too many types to figure out the FCL and CL temperature. To confirm the hypothesis,
the researchwould try to aaswer the questions: how many physical variable measurements are
required to infer the SSF? And what kind of physical variables are decisive inputs for tNE?SSF

iii. The welttrained model would show robust model performance even though there are
some unstable measured signals in the input dataset.
The ultimate goal of the study is the development of a-gigdlity ML model to be well
operated even in unstabktates due to measurement noise in the incoming signal dataset.
Therefore, thewell -trained ML-based SSFIM would show acceptable model performance in

testing process.

3.2. Developmental Workflow

The SSFIM aims to infer physical plant damage states fremnicoming signals after a
safety challenge. The Mbased diagnosis module developmental workflow consists of three parts:
1) data generation from deterministic code, 2) setting up the ML algorithm, and 3) training and
testing the ML algorithm. A physicahriable dataset used to train, validate, and test the developed
model is produced with consideration of the reactor design, control action, and event mode through
accident scenario assumptions. There are several indispensable components, including the
appropriate ML algorithm type, model structure with advanced modules, and learning rate used to
train the model, to compose an ML model. Finally, aavaihed diagnosis model, which satisfies
the success criteria in the training and testing process, achldve theesearchobjectives. If

the trained model performance does not satisfy the criteria, as we can see id8jquevious
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steps in the workflow have to recur until the tested outputs converge on actual values. There is a
potential problem in edn step to obstruct the competent ML model development: 1) a data
insufficient problem, 2) a model or algorithm problem, and 3) a training problem. These obstacles
and solutions will be discussed in the next section in detail. If the model is able the®3SF

level or missed information level in the test dataset, the completedadéd diagnosis modules

will be saved with a specific naming in the DMS of-DTclass.

| Build the ML Model 4 Model Problem

Transient Scenario Assumptions Training and Validation Dataset l

» ; ;
(Reactor Design, Control Action, Head Event, and so on) .]l Training and Validation the Model

| l Test Dataset l
E l Raven-GOTHIC Simulation | 4’| Data Manipulation | 4>| Test the Model |

l4------¢  Training Process Problem
|

‘ Data Generation

Datasets I

Figure 18. Safety Significant Factor Inference Model Devetamtal Workflow

Satisfy the
Success Criteria?

L ]
Problem Analysis |»———————" | Diagnosis Module Storage in DT-D

Data Insufficient Problem |

3.3.Data Generation

As commented in the assumptions, the physical symptoms in multiple control volumes are
expressed in numerical values by the therhyalraulic calculation in the GOTHIC. The
simulation data is regarded as real datadamf validate, and test the ML model. In this section,
there are several elements related to simulate the code for data generation: 1) design of the EBR
I model, 2) transient scenario with manipulated variables in the code, 3) physical symptoms from
thesystem results, and 4) potential challenges with corresponding solutions for application to the

ML -based diagnosis model development.

3.3.1.Simplified EBRII Model
EBR-1l is a pool type sodiurcooled fast reactor including primaspdium system which
surounds the reactor in a primary tank, Intermediate Heat Exchanger (IHX), and secondary

cooling system. The core heat is removed by the primary cooling system and transported to a steam
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generator in the secondary cooling system through the IHX loop. Theéd&OTodel uses both
the sodiummside model and the wateide model to simulate the physical phenomena in the
primary, intermediate, and secondary loofH.[For theresearchthe EBRII model, which was
simplified by replacing the intermediate and secondaops with boundary conditions from the
full model steady state values is uséd [ Figurel19 depicts the schematic diagram of the EBR
simplified model divided into the primary system and intermediate loop.

The simplified model contains 21 control volumes including a primary tank, primary
sodium pumps and pump pipes, a hgbhssure lower plerm, a lowpressure lower plenum, a
reactor core, an upper plenum, an outlet pipe, and an IHX system. There are four channels in the
reactor core region: active core assemblies, control rod assemblies, inner reflector assemblies, and
outer blanket assembéieAlso, the IHX system comprises six control volumes: the primary shell,
the secondary dowoomer, the lower plenum, the upper plenum, the tube, and the outlet pipe to
the secondary cooling system. In the GOTHIC, the thermal conductor model enableteth@ co
calculate heat transfer between the surfaces of the core, liquid sodium, and other control volumes
in the primary tank. Hydraulic connections between control volumes or control volume and
boundary conditions are specified by 27 flow paths. Boundamyditons include IHX
intermediate side temperature and flow rates and a shutdown cooling system. By using various

packages, physical symptoms in each control volume are simulated in a numerical dataset.
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Figure 19. EBR-1l Simplified Model in the GOTHIC Code

3.3.2. Transient

Transients due to two pungperation statuare simulated to provide a database to confirm
the hypotheses.hfeetypes of transients are simulated to train the SS&thll to manipulate the
data to create the test dataset. Accident scenarios are as follows: 1) pump #1 has failed, but pump
#2 does not have any action, 2) pump #106s sp
temperature poi nt t ocoastgowrehds oacprred fiiom HO09%3tp S0%0,Lamap  # 1 (
pump #20s speed has ramped down and up mul tip

about the transient cases.
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Transient Case A

LOF is one of the initiating events that may lead to BDBA, including damage when
the safety system fails. In the accident sequence analysis of thé¢l PBR report, a transient
associated with a single pump LOF owing to the electrical faults, such as clutch breaker trip, output
breaker trip, and input breaker trip, is@ussed. Also, mechanical faults, such as binding, seizure,
and bearing failure, are described with the effect to pump speed redudjiorri@ure20 shows
the coastlown curve by electrical faults in the Motor Generator (M/G) and pump shaft seizure
which causes the most dramatic cedstvn in pump speed. Depending on failure types, the pump

speed curve form and dead time are varied.
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Figure 20. Pump Speed Coadbwn Curve due to Pump Failure. Reprinted florB x per i ment al Br
ReactorI(EBRI 1 ) Level 1 Probabilistic Risk Assessment
National Laboratory

Transient case A is based on a single pump
down, but pump #2 maintains a n@l operation state. Final speed and the ramgown period

should be preselected to calculate the physical variable data in the computational code. The
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rampingdown speed is linear with various slopes which are determined bydmasttime and
final speed. The following equation shows the normalized pump #1 sp¥ed (vith time:
p Y L
Vo P 5 Om O O (5)
Y 0O o

"Y and0 are the normalized final pump speed and cdastn time, respectively. In
transient A, there are fifteen final pump speeds from 0% to 45%, and fivedovasitimes from
1 second to 65 seconds. Since the shortest time and the longest time, in whiclapbegnidead,
are less than 1 second and about 80 seconds, respectively, ir2figthie range of coastown
time in the GOTHIC model is assumed with consideration of the primary flow-doast test
results B9]. Figure 4 shows the pump speed calsin curve of transient case A in GOTHIC

simulation. Thus, in total, 75 episodes (15 final pump speédsisoastdown time) are produced
to train the ML algorithm.

0.5 4

Normalized Pump Speed (%)

0.0

T L ) L 1
100 150 200
Time (sec)

Figure21. Pump Speed Coadbwn Curve of Transient Case A in GOTHEode

Transient Case B

Transient B has pump #1 coakiwn, then the operator increases the pump #2 speed to
maintain the core temperature. The simulation is to infer the safety significant factor level to
identify the eff ect gmdis istnat®verompen tha plant damsageastate i o0 n .
associated with the safety challenge is identified, but it is continuously operated to examine the

effect by a certain action for the system man
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and the pump #2 atts to speed up when the fuel centerline (FCL) temperature reaches a set point.
The linear rampingip speeds are determined by the final speed and its startinglnirttee
operational workflow, it is assumed that the FCL and cladding (CL) temperatutas &8Fbut

the calculated FCL temperature is used to generate the transient scenarios in the developmental
workflow.

Figure22illustrates the pumpperation staswith time. The final pump #1 speed is 50%,
whereas there are ten pump #2 ramping up speeds which vary from 105% to 150%. Also, seven
FCL temperature set points are regularly distributed from 675 °C to 690 °C. Therefore, a total of
70 epi s od(@s8nal punp#lamedsl0 pump #2 ramping up speed’ set points) are
generated from the simulation code.

100

140 -

80 4

120
60 4

40 4
100

Pump Speed (rad/sec)
Pump Speed (rad/sec)

20

T T T T T
0 50 100 150 200 0 50 100 150 200

Time (sec) Time (sec)

Figure 22. Pump #1 Speed (Left side) and Pump #2 Speed (Right side) in Transient Case B

Transient Case C

Transi ent case C i s based on an LOF with

speeds have ramped down, but the operator can

control actions are carried out by the operator with his/her own judgmentampengdown and
rampingup speeds are linear with various slopes depending on the final speed and its reaching
ti me. Pump #106s speed starts to ramp down f
Figure23i | |l ustrates pump #10sl s,pepdmpVv#R206d i mpe
manipulated to simulate transient case C. Fi@ddrehows the pump #2 states with 25 cases in
which the speed dramatically changed from 114 sec to 115 sec (left side), and 25 cases in which

the speed slowly changed from4ll sec to 199 sec (right -sp de)
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Manipulated variables with their ranges are summed up in tablelrBtotal, 75 scenarios in

transient A, 72 scenarios in transient B, and 50 scenarios in transient case C are simulated by th

GOTHIC.
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Figure 23. Pump #1 Speed in Transient C Case
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Figure 24. Pump #2 Operation Status in Transient C

To train, validate, and test the Mlased SSFIM, three cases are considered and simulated

to generate the data. Transient A and transient C are the simplest and the most complicated cases

among assumed conditions, respectively. The complexity of the scéndetermined byhow

many eventsare manipulated in one episode. In tablescenarios withmanipulated variable

descriptions are organized to compare features among transient cases A, B, and C.
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Table6. Description of Transiem, B, and C

Transient Case Transient A Transient B Transient C
Number of
Head Event 1 2 4

Scenario Descriptior]  Pump #2 Constant Pump #2 Speed Pump #2 Speed Ramping

Pump #1 Coastlown | Pump #1 Coasfown Pump #1 Coastlown

[100%] Ramping up up anddown

Pump #1 Coastown [50%)]

Pump #1 Speed [50% Pump #2 Speed

Manipulated Pump #1 Speed 4 Ramping up and down
Variables [0% ~ 45%)] Pump legg:;?d [105 1staction : [50%]
0 2" action: [80% ~ 120%]
39 action: [80% ~ 120%]
Simulation Time 200sec 200 sec 250 sec
Number of Scenario! 75 70 50

3.3.3. Physical Symptoms in the EBRViodel

Abnormal pump operation conditions induce changes of physical phenomena deviated

from the normal states in the reactor system. The physical variables are measured by installed

devices in the system to send the observed information to the diagnosis sydtgmsection,

physical symptoms are shown of transient A #53, transient B #34, and transient C #212%igure

illustrates the pumpperation statusf both cases.

Vv

Vv

In transient A53, pump #1 has coadbwn to 22% at 50 seconds, while pump #2 keeps

the peed constant (leftide).

In transient B34, pump #1 has coagbwn to 50% at 50 seconds, then pump #2 starts to
increase the speed to 125% when the FCL temperature reachs @8ildle).

In transient G21, pump #1 has coadown to 50% from 20 secoado 70 seconds, and

pump #206s speed also has ramped down to 8
operator starts to ramp up the speed to 120% from 80 seconds to 114 seconds. But, after

rampingup, the pump speed decreases again to 80% until 199dsecon
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Figure 25. Pump Operation status in Transient A Scenario #53 (left), Transient B Scenario #34 (middle),
and Transient C Scenario #21 (right)

Abnormal physical phenomena in transient A are illustrated in figire

V The FCL and CL temperatures increase (top left).

V Liquid sodium temperatures in the upper plenum (UP) and outlet pipe rise as well as the
core region temperature (top right).

V Since mas flow rate is determined by the pump speed, pump #1 has a negative mass flow

rate in which a reverse f-doonwHowqver,e@e iget d u e

mass flow rate into the active core channe

masdflow increases despite the constant speed (bottom left)

V Pressure in the High Pressure Lower Plenum (HPLP) is dominantly affected by pressure

pump #10s mass flow rate
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Figure 26. Physical Phenomena in the Reactor System in Tnain&i€Scenario #53)

Similarly, physical symptoms in transient B are illustrated in fi@fte

left).

ncreased FCL

and CL

temperatur e

decrease |

Increased coolant temperatures in the UP and outlet pipe decrease like core region

temperature (topight).

Mass flow rates in transient B are similar to the transient A scenario, but the final core inlet

mass flow is maintained at 210 kg/sec, which larger amount than in transient case A

(bottom left).

HPLP

of

pump

pressur e

#20s

is influenced

speed

ramping

by
up

pump

#16s m

(bottom righ
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Figure 27. PhysicalPhenomena in the Reactor System in Transient B (Scenario #34)

Transient C, which includes multiple actions, shows multiple patterns in the physical
phenomena in figurs.
V FCL and CL temperature repeatedly increase
speeds (top left).
VLiquid sodiumbés temperature also repeatedlI
V There is still a reverse flow in pump #1, the amount of mass flow is changed corresponding
t o p u mgperatich &tatusThe magnitude of a reverse flayets larger when pump
#206s speed ramps up, because the increased
core assemblies but also the primary tank
flow rate converges to 180 kg/sec (bottom left).
V Pump #106s mass flow rate is dominant in pr

repeatedly increases and decreases owing to mass flow rate in pump #2 (bottom right).
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Figure 28. Physical Phenomena in the Reactor Systeiiiransient C (Scenario #21)

Physical symptoms in the reactor system are changeable depending on the pump operation
controls. The complicated physical phenomena in the reactor by multiple actions in the operation
strategy cause difficulty in plant danegtate identification. Each physical variable contains
15,000 data points p

¢mr— xouh&i Qin transient A, 14,000 data points

¢cmrR— xm&i QN transient B, ath 12,500 data points p

p CUAR—
v i dmn transient C. The datasets are treated as measured values from the actual plant to train

the ML algorithm.

3.3.4. Challenge

To develop the ML model, the representative issue of data related problems is data
insufficiency. There are two questions to identify the issue coverage: 1) do the simulation cases
cover all the feasible transient scenarios? and 2) do the assumed trecesi@mnios represent the
AOO in EBRII?
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Sub-assumptions under the accident scope are estabtst@werthe questionsabove

The accident scope is confined to the transient case to diagnose the plant damage states, since the
AOQO is the primary stage,hch might be evolved to DBA or BDBA depending on the safety
action strategy. Since the targgeration statuis the AOO, several specific and proper conditions
are required to propose that the transient scenarios are used to represent the AOQ.iF@BR
additional sukassumptions are:

I LOF represents the AOO in EBIR

il. transient A covers the pump coastwn scenarios,

iii. transient B and C cover the pump cedstvn with operator actions scenarios,

iv. and generated GOTHIC data is enough to cover the ér@nscenarios which are

determined by pumpperation status

Then, sufficient physical variable datasets counted as real physical phenomena in AOO are
prepared to train and test the Nbased SSFIM.

3.4. Machine Learning Model Components

In the researchthe RNN is used to deal with tintependent data to infer the sequential
SSF. In this section, the RNN structure is described with challenges to develop the model.

3.4.1. RNN Structure Description
To learn the dynamic patterns from transient simulatiata,dthe deep learning model,
which is combined with advanced modules, is necessary. R2@ullestrates the RNN structure
to train the ML model that is able to infer the SSF from measured physical variables. The following
hyper parameters are used tadbthe network for training:
V Fourlayer RNN with 30 neurons in each layer.
V Gated Recurrent UnitqRU) is installed in each neuron to prevent a vanishing gradient
issue.

V RelLU function is used as an activation function.

<

Dropout method with 0.5 of dropoutqgirability is used to prevent an ovféting problem.
V Sequence length is determined randomly among 5, 7, and 10 sequence sizes to recognize a

pattern better.
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V U, W,andV are model parameters to be updated during training by backpropagation. The

parametersare in the form of a matrix to match the dimensions between layers. For

example,U is a &

"Q matrix, whered is an input dimension, which indicates input

numbers, andls a hidden size, which is the number of neurons in the hidden \&ysr.

a Q "Q matrix. AndV, which is a™Q ¢ matrix, is called fullyconnected layer

parameter to match the dimensions between hidden layer and number of outputs.

A detailed description of the technical components in RNN structure can be found in Appendix A.

Deep Recurrent Neural Network

l/l/f? >MT

g H12 H73

U [m] x [hidden size]

W': |hidden size | X [hidden size]
V. [hiddensize ] x o]

17->12

v
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N = Sequence length

M = Hidden Layer

m= Input parameter dimension
h= Hidden size

o= Output parameter dimension

Figure 29. RNN Structure for the MiBased Safety Significant Factor Inference Model

The Long ShorTerm Memory (LSTM) and GRUWnodules are special units installed in

the hidden layer for resolving the vanishing gradient problem, one of the major issues in a deep

neural network. Since the GRU is a more simplified module than the LSTM, in virtue of fewer

number of gate units, the GRs used to build the RNN. A detailed description of the LSTM and

GRU module can be found in Appendix A.
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3.4.2. Challenge

The challenge in the model building process is an algorithm problem. If the algorithm or
model structure is not appropriate for imfeg the SSF, the algorithm or structure should be
modi fied. The problem wil/ be solved by hypot

3.5. Training and Testing Process

Through the training and testing processes, the RNN is trained and validated by using
generated dasets, then the trained Mlased SSFIM is tested with a manipulated test dataset.
The processes include physical variable data preparation, data preprocessing, and learning rate

employment to support tuning the model parameter during training.

3.5.1. Phgical Variable Data Preparation

The relationship between independent variables, also known as inputs, and dependent
variables, used as outputs, is analyzed through the learning process. Therefore, in order to develop
the ML model, the input and output faets should be selected with discretion. A simplified EBR
I model contains 21 control volumes in which physical symptoms can be simulated. It would be
ideal if all the physical phenomena can be monitored in every control volume, however, from the
costeffective perspective, installing devices all over the place is hardly practical. The main
purpose of the research is SSF inference from a few of the chosen physical variables. The GOTHIC
code calculates the liquid sodium temperature and pressure with tgaehrcontrol volume, and
the mass flow rate with time in each flow path. Inréeearchthree physical variables are chosen

as features in accordance with the followsuggestions

Sodium coolant temperatures in the core region are not allowed to be used.

In the simplified EBRI | model , the core region consi st
active core, a control rod, an inner reflector, and an outer blanket. The liquid sodipendaaires
in the area are sensitive to change in the FCL and CL temperature since thelatadl
components are encompassed by coolant. Conversely, in the abnormal operational states or other
accident conditions, the region turns into a vulnerable #wateeeds to be monitored. Surely, the
integrity of the devices should be maintained in DBA, but it is not guaranteed in BDBA. Therefore,

even though the scope of thesearchs limited in the AOO, coolant temperatures in the core
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region are not used tevelop the Mkbased SSFIM, which will be applied to other accident

conditions.

A pressure in the HP Plenum is selected.

Pressures are also able to be gauged in every control volume. Among them, pressures in
the pump pipelines and LP show a wide vasiattompared to other control volumes because the
change of pressure depends on mass flow rate. Therefore, HP plenum pressure is selected from the

available data.

Mass flow rates related to puroperation statuare chosen.
Mass flow rate is a type ohpsical variable used to reflect the puoygeration statudn
the GOTHIC model, mass flow rate is calculated in the flow paths, referred to hydraulic

connections between control volumes. There are three flow paths used to calculate the mass flow

ratesit he measurable physical dataset: 1) a path

a path from the primary tank to pump #206s HP

core assemblies.

Table7 shows chosen physical variables.
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Table7. Physical Variable Description

GOTHIC Label Physical Variable Location

TL1s45 Primary Tank
TL2s2 Pump #1 Vertical HP Pipe
TL3s2 Pump #1 Horizontal HP Pipe
TL4s4 Pump #1 Vertical LP Pipe
TL5s2 Pump #2 Vertical HP Pipe
TL6S2 Pump #2 Horizontal HP Pipe
TL7s4 Pump #2 Vertical LP Pipe
TL8s1 HP Lower Plenum
TL9s1 Coolant Temperature LP Lower Plenum
TL14s1 Upper Plenum
TL15s3 Outlet Pipe
TL16s5 IHX Primary Shell
TL17s1 IHX SecondaryDowncomer
TL18s2 IHX Secondary LP
TL19s5 IHX Secondary Tube
TL20s1 IHX Secondary UP
TL21s1 IHX Secondary Outlet Pipe
PR8s1 Pressure HP Lower Plenum

FL1 Pump #1

FL6 Mass Flow Rate Pump #2

FL11 Active Core Inlet

3.5.2. DatéProcessing for Training, Validation, and Test Dataset

For the ML model training and testing, data preprocessing by data rescaling, data splitting,
and data manipulating is required. Data is rescaled by normalization, divided into three datasets
for the cr@s validation by using a helsut method, and manipulated with consideration of

measurement error to test the trained model.

Data Normalization
Simulation data generated from the GOTHIC are identical, numerical, and actual scale

values. The raw data abarely suitable to train the ML algorithm, because the ranges and units
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vary depending on the physical variablesd typ

the reactor, such as temperatures, pressures, or mass flow rates, have differentienagnis,

and ranges, their influence on the updates in the ML algorithm would lean toward a certain physical
variable. Training the neural network is a process to find the optimized model parameter that
allows minimal MSE loss between inferred value #@imel actual value. If the input data have
different scales, the information that have wide ranges in a large scale are dominantly reflected in
the training process. Therefore, rescaling should be preceded before training the ML algorithm to
improve the moel stability.

The raw data is normalized by fixed upper and lower bound values, the empirical values
from the simulation results. Generally, a mmax normalization is used as a feature scaling
method for independent variables, however, the method issedil, since the max values of SSF
and physical symptoms are not known in abnoroparation statusTable8 shows the assumed
lower bounds and upper bounds of each physical variable.

V The melting point and boiling point of liquid sodium are 97.8 °C and 882.8 °C,
respectively. According to the transient simulation results, the lowest temperature is an
initial temperature of 305 °C at IHX secondary deeemer, whereas, the highest
temperaure is 645 °C at the active core channel in transient A #1 sceffdr@olower
bound and upper bound are assumed to be 300 °C and 700 °C, respectively.

V The maximum value of FCL and CL temperatures in the simulation are 743 °C and 654
°C, respectively, whreas, inlte researchthe upper bounds of FLC and CL temperature
are respectively assigned to 1000 °C and 700Ti¥® lower bounds of the FCL and CL
temperatures are set to 600 °C and 500 °C, respectively, to cover the initial values.

V There is a presse measurement at the HPLP in the reactor. The bounds are 100 kPa and
500 kPa to cover the minimum value and maximum value from the simulation results.

V In the case of mass flow rates, reverse flow is shown at the flow path between the primary
tank and pump #1 due to the coadgbwn. Hence, to make the normalized range 1] for
mass flow rate in pump #1, upper bound and lower bound are set to 300 kg/sec and 0 kg/sec,
respectively. On the contrary, since the coolant positively flows in pump #2 and the core
inlet by virtue of rampingup speed, the lower bound and upper bound are 100 kg/sec and

500 kg/sec, respectively.
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Table8. Upper Bound and Lower Bound for Data Rescaling

Physical Variables GOTHIC Label Lower Bound Upper Bound
Liquid Temperature TL1s45 ~ TL21s1 300 °C 700 °C
Fuel Centerline Temperatur TA21s1 600 °C 1000 °C
Cladding Temperature TB21s11 500 °C 700 °C
Pressure PR8s1 100 kPa 500 kPa
FL1 0 kg/sec 300 kg/sec
Flow
FL6, FL11 100 kg/sec 500 kg/sec

Training and validation dataset

On account of labeled datasets for training in supervised learning, thevatidsdion
method is utilized to conduct a performance €3t44]. The crossvalidation is a method to solve
the oveffitting problem. When thelataset is used to both train and test the model, the ML
algorithm would implement the prediction by memorizing the data. Then there would be no
significant difference between the testing accuracy and the training accuracy, however, the model
would show por model performance on new and unseen datasets. This is tHatmgeproblem
caused by rsubstitution evaluation. A wefieneralized model, also known as a vidined
model, reacts to new data with successful prediction by splitting the datasiaining data and
test data. To develop the Miased SSFIM, the dataset is divided into a training dataset for
updating the model parameters, a validation dataset for choosing the best model in the training
process, and a test dataset for evaluatingnibeel performance. The approach prevents the over
fitting problem.

Crossvalidation enables the objective function in the learning algorithm, such as the loss
function, to be optimized in the training process and to be applied to evaluate the model
perfamance in the testing process. The typical crkadslation methods are the heddit method
and the kfold cross validation. In the holdut method, the model is trained with a training dataset
and improved by using the test dataset for selecting thertmeidl (see figure@. Although the
test dataset does not derive the backpropagation to update the model parameter, the dataset

becomes a training dataset because the test dataset is repeatesdigl thiring epochs in the
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training process. Thisiscallégdi nf or mat i on | e ak a gfdtingprodmi lc h ¢ a u
order to not make any bias in the model performance, the test dataset must be used only one time.
From this perspective, the hetdit method is appropriate for evaluating model performarnberra
than developing the ML model by the best model selection (see fitjure 3

A major consideration is a split ratio of training dataset to test dataset. If the training set
ratio is small, the model is hardly generalized because of data sensitivihg other hand, the
overfitting problem occurs on account of high variance in model performance when the test set
ratio is small #5]. The general ratio of data is divided as 2/3 training dataset and 1/3 test dataset,
though, the proportion of 70:30, 80;2r others is determined by the user as occasion demands.
The advantage of the hetult method is a relatively fast learning speed, on the other hand, the
weakness is that the data split ratio sensitively affects model performance when the amount of data

is small.

Learning Algorithm

v
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Hyper Parameter i Model Il Prediction
Training Label - .4
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Model n
.

Model
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Figure 30. Hold-out Method Workflow for Performance Estimation by Model Selection
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Model
Data performance
Test Data
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Figure 31. Hold-out Method Workflow for Performance Estimation without Model Selection

Another method is a-fold cross validation in which the dataset is divided iktsub

groups to improve the accuracy under the condition of the small dataset. In other words, the
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learning process by the hetait method is repeatédimes. Figure 3illustrates how the method
works in the training and testing processes. The following are the steps for the best ML model
development by using the-Kld crossvalidation method.
Step 1. A test dataset is decoupled from the whole dataset.
Step 2. The whole daset except a test dataset is divided kdata folds that consist &f
1 training data folds and one validation data fold.
Step 3. The learning algorithm by assigned hyperparameters is used to train and validate
the model.
(a) k-1 training data fold is uset train the ML algorithm.
(b) The other validation fold is used to estimate the model performance.
(c) Step (a) and (b) are repeated k times.
(d) Model performance is calculated to numerical mean value.
Step 4. Step 3 is repeated with varibyperparameter assignments.
Step 5. The best model is selected with the best model performance.
Step 6. Finally, the best model from step 5 is evaluated by the test dataset.
The method is useful in small datasets because the entire data is utilizechfetrabohg and

testing. However, iterative learning brings about relatively long times needed to train the model.
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Figure 32 K-fold Cross Validation

To compensate for the shortcomings from both the-batdnethod and thke-fold cross
validation method, a thresay holdout method is used to develop the Mased SSFIM. As
mentioned above, the heltit method is a proper approach to estimate the performance rather
than the best model selection. On the contrafigldk crossvalidation is ineffective from the
learning time perspective despite usefulness for a small dataset. In the research, -thaythree
hold-out method, which compensates defects from both methods, is suggested. As we can see in
figure 33, the threeway holdout method is an improved variation on a basic fmitimethod by
adding the model selection process to develop theblted SSFIM composed of the best model.

The datasets of the basic haldt method are divided into two sections: a training set and a test

set; meanwhile, the threeay holdout method splits the dataset into three sections: a training set,

a validation set, and a test set. The validation dataset is used to evaluate the models that are learned
from the training set during the trainingprotces t hen t he test set i1 s us
performance. The learning process of the thwag holdout method would be fast, because it is

a kind of holdout method. Additionally, since stassumption (ivin Chapter3.3.4.mentioned
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that the amaunt of data is enoughsfkld cross validation does not need to be used. The application

of the holdout method to theesearctwill be introduced in the training process section.
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TestData

e
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Performance

Figure 33. Threeway Hold-out Method

Tables9, 10, and11 describe the training, validation, and test data in transients A, B, and
C, respectively. In tablé2, a ratio of divided datasets is shown in which roughly 70% of the

dataset is used for training, 25% is the validation dataset, amdghis used as the test dataset.
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Table9. Training, Validation, and Test Dataset in Transient A

Coast Final Coast Final
Number ?’?r\g: gg;ne% Dataset | Number I.Dr?r\rqvg ggg‘e% Dataset
(sec) (%0) (sec) (%)

1 1 0 Training 39 33 25.8 Training
2 1 3.22 Training 40 33 29.03 Training
3 1 6.45 Training 41 33 32.25 | Validation
4 1 9.67 Validation 42 33 35.48 Training
5 1 12.9 Training 43 33 38.71 | Validation
6 1 16.13 Training 44 33 41.93 Training
7 1 19.35 | Validation 45 33 45.16 Training
8 1 22.58 Test 46 49 0 Training
9 1 25.8 Training 47 49 3.22 Training
10 1 29.03 Training 48 49 6.45 Training
11 1 32.25 | Validation 49 49 9.67 Validation
12 1 35.48 Training 50 49 12.9 Training
13 1 38.71 | Validation 51 49 16.13 Training
14 1 41.93 Training 52 49 19.35 | Validation
15 1 45.16 Training 53 49 22.58 Test
16 17 0 Training 54 49 25.8 Training
17 17 3.22 Training 55 49 29.03 Training
18 17 6.45 Training 56 49 32.25 | Validation
19 17 9.67 Validation 57 49 35.48 Training
20 17 12.9 Training 58 49 38.71 | Validation
21 17 16.13 Training 59 49 41.93 Training
22 17 19.35 | Validation 60 49 45.16 Training
23 17 22.58 Test 61 65 0 Training
24 17 25.8 Training 62 65 3.22 Training
25 17 29.03 Training 63 65 6.45 Training
26 17 32.25 | Validation 64 65 9.67 Validation
27 17 35.48 Training 65 65 12.9 Training
28 17 38.71 | Validation 66 65 16.13 Training
29 17 41.93 Training 67 65 19.35 | Validation
30 17 45.16 Training 68 65 22.58 Test
31 33 0 Training 69 65 25.8 Training
32 33 3.22 Training 70 65 29.03 Training
33 33 6.45 Training 71 65 32.25 | Validation
34 33 9.67 Validation 72 65 35.48 Training
35 33 12.9 Training 73 65 38.71 | Validation
36 33 16.13 Training 74 65 41.93 Training
37 33 19.35 | Validation 75 65 45.16 Training
38 33 22.58 Test
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Table10. Training, Validation, and Test Dataset in Transient B

. Final . Final
Number Se(tOCP;) nt Pump Dataset | Number Se(EIZ:(;lnt Pump Dataset
Seed(%) Seed%)
1 672 105 Training 36 672 130 Training
2 675 105 Training 37 675 130 Training
3 678 105 Validation 38 678 130 Validation
4 681 105 Training 39 681 130 Training
5 684 105 Validation 40 684 130 Validation
6 687 105 Training 41 687 130 Training
7 690 105 Training 42 690 130 Training
8 672 110 Training 43 672 135 Training
9 675 110 Training 44 675 135 Training
10 678 110 Validation 45 678 135 Validation
11 681 110 Test 46 681 135 Training
12 684 110 Validation 47 684 135 Validation
13 687 110 Training 48 687 135 Training
14 690 110 Training 49 690 135 Training
15 672 115 Training 50 672 140 Training
16 675 115 Training 51 675 140 Training
17 678 115 Validation 52 678 140 Validation
18 681 115 Training 53 681 140 Test
19 684 115 Validation 54 684 140 Validation
20 687 115 Training 55 687 140 Training
21 690 115 Training 56 690 140 Training
22 672 120 Training 57 672 145 Training
23 675 120 Training 58 675 145 Training
24 678 120 Validation 59 678 145 Validation
25 681 120 Training 60 681 145 Training
26 684 120 Training 61 684 145 Validation
27 687 120 Training 62 687 145 Training
28 690 120 Training 63 690 145 Training
29 672 125 Training 64 672 150 Training
30 675 125 Training 65 675 150 Training
31 678 125 Validation 66 678 150 Validation
32 681 125 Test 67 681 150 Training
33 684 125 Validation 68 684 150 Validation
34 687 125 Training 69 687 150 Training
35 690 125 Training 70 690 150 Training
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Tablell Training, Validation, and Test Dataset in Transient C

2"d Action 3 Action Dataset Dataset
Pump Speed| Pump Speed | Number Reaching time Number Reaching time
(%) (%) at 199sec at 114sec
80 1 Training 26 Training
90 2 Validation 27 Validation
80 100 3 Training 28 Training
110 4 Training 29 Training
120 5 Training 30 Training
80 6 Training 31 Training
90 7 Training 32 Training
90 100 8 Validation 33 Validation
110 9 Validation 34 Validation
120 10 Training 35 Training
80 11 Training 36 Training
90 12 Test 37 Test
100 100 13 Training 38 Training
110 14 Validation 39 Validation
120 15 Training 40 Training
80 16 Training 41 Training
90 17 Test 42 Test
110 100 18 Training 43 Training
110 19 Validation 44 Validation
120 20 Training 45 Training
80 21 Training 46 Training
90 22 Training 47 Training
120 100 23 Validation 48 Validation
110 24 Training 49 Training
120 25 Training 50 Training
Table12. Dataset Ratio in Transient Cases
Training Dataset Vglldatlon Test Dataset Total
ataset
Transient A 50 (66.67%) 20 (26.67%) 5 (6.66%) 75 (100%)
Transient B 49 (70%) 18 (25.72%) 3 (4.28%) 70 (100%)
Transient C 34 (68%) 12 (24%) 4 (8%) 50 (100%)
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Test Dataset

In the research, the testing process aims to not only identify the plant damage states by SSF
inference but also the model 6s robustness thr
the test dataset should bmnipulated by detaching it from the whole dataset. As stated above in
researchassumptior(ii) in Chapter3.1.1, simulation data refers to measured physical variables
from the installed devices during transient. Generally, there is a measuremenherhoransists
of systematic error, also known as bias, and random error, also known as system noise, from the
instrument 46]. The systematic error is caused by inadequate experiment design or a
malfunctioning device, while the random error is a statisticetuation caused by a limitation of
accuracy in devicelhe reason for the systatic error is findable and thus fixable, however the
random error is unavoidable. Since the systnerror would be replicated unless the problem of
the bias is solvedhe error consistently happens in each measurement. The random error, which
produces variability without any trends, does not affect the averagenore amount of repeated
measurement, the less random error there is to be observed. Taldammarizes th

characteristics of the systatic error and random error.

Table13. Systenatic Error and Random Error

Bias
- Caused by inadequate experiment design or malfunctionin
device
Consistent Error

- Influences all the measurement in the same direction

Systenatic Error

- Cannot be reduced by repeated measurements
System Noise (Statistical Fluctuation)

- Caused by limitation of accuracy in device

- Has no pattern
Unpredicted Error

- Does not affecaverage due to the random direction

Random Error

- Can be reduced by repeated observations

The ML model, which is trained by the training dataset with the identical values without
error from the besestimate code, must figure out the reasonable SSF from the physieales

with the measurement error. Even though thegéiled diagnosis model is developed by a
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simulationbased data driven approach to overcome the limitations of actual experiments, the
developed model should be applied to ogmration statuas a p# of the management and control
system. From this point of view, through the testing process, the robustness of the model should
be proved by using data manipulation. In order to manipulate the simulation data for the test
dataset, some stdssumptions arnecessary. The measurement error depends on what materials
are used to manufacture the instruments, what physical variables are measured, and so on, since
the noise occurs from the devices in the reactor sySthatest datasets are fabricated based on
the subassumptions:
) The simulation result is counted as a true value of each physical variable.
(i) There is no systeatic error from the installed device.
(i)  The measured value from the sensor accounts for the observed value which includes
thesystematic error and random error. The equation of observed value is
O @i Qi B Vi G o 0 QDN IYwi 00GEEQI Q (6)
where the true value is the simulation result from the GOTHIC. Imethearchonly
the random errois considered for data manipulation to emulate the sensory signals
from the reactor. Namely, there is no bias in measurement error.
(iv)  The system noise is normally distributed within a certain percentage with random
probability in every physical variable m&urement.
In data, the noise is added on the simulation data for every second. The measured
numerical values from the sensors is assumed by following equation:
Dwd Owd O m 0 wd @)
whered @0 is the numerical value of physical varialiet timeo, and, is a system
noise percentage. The noise is a random number from normal distrilwtioh

consists of a mean value of zero and a standard deviation of error percentage.

Based on these assumptions, there are three types of test datasets: 1) a true value dataset by using
simulation results only 2) true value wittl% random error in every measurement, and 3) true

value with noise of +£0.375% random error in temperature, kPzbpressure, and £5% in mass

flow rate. The magnitude of error in the last type of test datasets is consulted from thielEBR

Digitation that[33]:
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V Thermocouples permit 0.375 % accuracy at coolant temperature in virtue of the
materials.
V Fissiongaspressure transducer has 85 kPa pressure accuracy over the 0 to 2.413 MPa.

V Flowmeter assures within5% accuracy of the sodium flow rate in measurement error.

Table14 summarizes the test dataset types to identify the ML model robustesidicates a
coolant temperature at timied o accounts for the pressure at titmand "O00 is the coolant
mass flow rate at time Figure 34 illustrates the manipulated physical variable data based on
transient B32. As we can see below, the type 2 tesasktt contains larger noise than type 3 in

measuring the coolant temperature, but smaller noise in measuring the mass flow rate.

Table14. Test Dataset Types for the Testing Process

Random Error,() Physical Variables

Type 1 N/A Simulation Result
Y O Yo U mhidip YO (8)
Type 2 1% 0 0 00 0O midip 00 (9)
"O0 0 006 0 midtp "0006 (10)
0.375% Y 0 YO O midtimoyx o (11)
Type 3 55kPa 0 6o 00 O mvu (12)
5% "00 0 006 0 mhidtuv "00o (13)
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Figure 34. Upper Plenum Temperature (Leide) and Mass Flow Rate in Core Inlet Pathway (Eel¢)
in TestDataset B32

3.5.3. Learning Rate Scheme

To train the model, one of the most influential hyparameters is the learning rate which
affect updating the weight in the network in the training process. The weighs @ssigned by a
gradient descent algthm given by

of 6 | TT—w 6 (14

wherg is alearning rate, anflw refers to abjectivefunctionor cost functiorwith the weight.
The MSE loss function is used as the cost function in this research. As figliustates below,
a large learning rate causes the overshooting problem, in which the optimum weight is not found
due to divergence, whereas updating the weight takes a very long time with a small learning rate.
It should be properly adjusted to traire thetwork. The learning rates are determined by a tuning
strategy which is named the Al earning rate sc
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Figure 35. Learning Rate Impact in Cost Function

For theresearchseveral learning rate schemes are introduced to train the RNN by tuning
the learning rates in compliance with the wgefined rules in the schedule. Generally, in the-hold
out method, the processes in which a fixed learning rate is used to train thleangokpeated to
find an appropriate hypgrarameter in th&IL algorithm. However, the suggested learning rate
schemes induce the learning rate changes within thedwulchethod in the training process to
curtail the learning time. For training the Milased SSFIM, three types of learning rate schedules
are utilized: 1) Cosine Annealing Warm Restart Learning Rates (CAWRAR) ) Cyclical
Learning Rates (CLRY¥B], and 3) Reduced Learning Rates on Plateau (RLRP). The following
instruct how the learningates are changed in each policy.

Cosine Annealing Warm Restart Learning Rates
The CAWRLR are changed with periodical warm restart of the cosine function. The
learning rat¢ at iterationois
p .Y

L Al u 15
| | c | | Y 97 (15)
wherg and| are the minimum and maximum learningesafor ranges iifQQ iteration,

respectively.Y stands for the number of epochs since the last warm restary sritie number
of epochs to restart. Tl i&increases by a factor 6f  after a restart. The learning rate schedule
allows the CNN to have an acceptable model performance on a dataset of

electroencephalografEEG) recordings and ImageNd7]. Figure & illustrates the CAWRLR
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activity when the p pT,l P, and’Y

¢ to extend the length of @ycle
between warm restarts twice.

Cosine Annealing Warm Restart Learning Rates
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Figure 36. Cosine Annealing Warm Restart Learning Rate Scheme

Cyclical Learning Rates

The learning rates in the CLR repeatedly increase and decrease between the upper bound
and lowerbound. The CLR policies depends on how the learning rates are going up and down in

the ranges or how the bounds tariea ncghaeaghi2ddo at t
has the repeated linear rising and falling shapes and dwindles the bouatdsafeeheach cycle,
is proposed among them. To calculate the learningratde equation is

alhe

| | | Agip Q (16)
- p Q

- F_ 17
Qp = oy P (17)

where| and are the minimum and maximum learning ré@nd”Yare iteration and step

sizeyes to complete half of a cycle, respectively. Also, a floor funéiidis

GO | A@vug o (18)
wherewis a real number anglis an integer. By using the CLR policy, the model accuracy is
almost as high as if it were using the fixed LR policy, but it takes a smaller iteration numbers in

training the CNN on CIFARLO and Imagenet datasel8]. Figure 320 shows the CLR with
P3| p pTm,and’yY ¢ T.TT
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Figure 37. Cyclical Learning Rates Policy

Reduced Learning Rates on Plateau

The RLRP reduces the learning rates in the stage when a training metric, such as the MSE
loss, does not declinaudng a recent period. The learning rateis calculated by multiplication
of the previous learning rate  and discounting factgr.
| | [ (19)
The following steps and figuré82lemonstrate the RLRP stratdgythisresearcho train the Ml-
based SSFIM:
Step 1. Start the training process by setting up the initial learning ratevhich is0.01
in the research
Step 2. Train and validate the model.
Step 3. Pawttention to validation loss.
Step 31. If the validation loss decreases, update the best validation loss with the
new oneand go to step 2 again. Or, go to step 3
Step 32. If the validation loss does not decrease during th&lastochs, goa
step 5.0r, go to step-3. TheQ is atraining termination inducing numben this
researchQ is set to 200.

Step 33. If the validation loss ever decreases during thé(aspochs, go to step
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4-1. Or, go to step-2. The'Q is apatierce number. In this researcl is set to
25.
Step 4. Adjust the learning rate.
Step 41. Go to step 2 with an existing learning rate.
Step 42. Go to step 2 witldiscounted learning rate [). In the researcha
discounting factor is 0.5.
Step 5.Terminate the training process by saving the model that has the smallest validation

loss as the best model. Details are described in the training and testing workflow section.

The RLRP has a distinctive characteristic in that the learning rate hatatewith the
validation loss. Two former schemes change the learning rates regardless of the evaluation result
in the process and terminate the training when the prearranged epochs are completed. In other
words, without checking the progress of the trajnprocess, it could be completed without
reaching either the global or local minimum, because there is a chance to keep on updating the
model parameters. However, in the RLRP, when the validation loss is not improved for quite a
while (200 epochs are assed in theresearch the algorithm stops the epochs based on the
judgment that the minimum is found in the cost function, whether it is global or not. Because the
consistently diminished learning rate leads to an immense amount of training time. $ince th
training continues 200 epochs without any improvement in the validation loss, the learning rate
becomes 1/256 of it at the end. Therefore, a predetermined number of epochs impedes the proper
training process when the model reaches convergence veryr fase® not find the minimum
within the epochs. From this perspective, the RLRP is a beneficial method because of the
interaction between the model parameters and the validation result.
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Figure 38. Reduced Learning Rates orafélau

Through the case study, three options are used to identify which scheme is the most
effective for training the RNN by comparison with each other. These learning rate schedules are
widely used in the Mtfield. The CAWRLR and the CLR policies are peovefficient approaches
used to recognize the image data or analyze the EGG. Whereas, the RLRP theoretically facilitates
the reasonable training process by reducing the learning rate from the interaction between the
validation MSE loss and the rules. Basedthe result, the most powerful scheme among the

suggested ones is applied to subsequent case studies.
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3.5.4.Training and Testing Workflow witBuccess Criteria

Training and Testing Workflow

To develop the Mtbased SSFIM for training ansting, an algorithm is built on the basis
of the abovementioned technical components. The training process includes not only updating the
model parameters but also evaluating the model by using the validation loss. In the testing process,
the final modéperformance is evaluated to identify the robustness to be used as a diagnosis model
in the management and control system. The processes are implemented through-thaythree
hold-out method. Figure®Bdemonstrates the steps of processes in which tméniggirocess and
the testing process are ksitle workflow and rightide workflow, respectively. Also, figu#0

illustrates how the threay holdout method is applied in the workflow.

Step 1Learning Rate Scheme Selection

Building the algorithm ishte first stage for the training process. The RNN with the three

way holdout method is the key fixed constituent in the structure of the algorithm. The

l earning rates adjusted by schedul eds rul e
decide which sheme is efficient for training.

Step 2. Input Selection (Feature Selection)

Feature selection refers to choosing the useful input types to infer the output among the

full feature set. Since the subset for the input type is arbitrarily selected, theshdagdt

be reselected when the model does not satisfy the success criteria in the evaluation either

in training or in testing. The output type is the SSF.

Step 3. Training the Model with the Training Dataset

Step 4. Model Parameter Updates by Backpropagat

Step 5Validating theModelwith the Validation Dataset

The backpropagation for the model parameter is not implemented after a validation.

Step 6. Comparison of the Validation MSE Losses

I n every =epoch, the calculated validation
validation loss for singling out the best model.

Step 7. Saving the Best Model
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The best model is updated by replacing the model which has the lower validation loss.
After this step, training and validation are repeated until the last epoch (see figure 22).
Step 8. Repeat the Training Process until Training Termination
Step9. Training Completion
The training process is finished when the-pranged epochs are completed.
Step 10. Training Process Assessment
The model performance is primarily estimated to examine whether the training process
allows the model to be trained well to infer the SSF. The training success criteria, which
indicates the acceptance criteria to sattbfy training process assessment, is a value of
0.09 of the best MSE validation 10s)].
Step10-1. If the best MSE Loss is larger than 0.09, go to Step 1 or Step 2.
The mode which has the smallest validation loss in the training process indicates
the most welttrained model under the given hyper parameter scheme and input and
output configurations. If the model is not content with the training success criteria,
thereare some issues to be improved for the modeleaming ratescheme, input
and output type selection, or both.
Stepl0-2. If the best MSE Loss is less than 0.09, go to Step 10.
When the model passes the training evaluation, it is ready to be testsithdpyhe
manipulated dataset.
Step 1. Model Test with the Test Dataset
A Test dataset consists of three types: 1) simulation data without noise, 2) a same random
noise (1%) at every physical variable, and 3) different random noises in each physical
variable.
Step 2. Final Model Performance Assessment
To be used as an Mhased diagnosis model, the model should be robust despite the noises
from the measurements. The testing success criteria is 1%0\détdreAbsolute Percentage
Error (MAPE) in actual sale [33]. The equation of the MAPE is

- nmb o O
aao*opé - (20)
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whered is an actual value ari®is an inferred value. The target variable to evaluate the
model is the FCL temperature onlyhe inferred CL temperature would be used as a
collateral information to identify the fuel cladding states.
Step P-1. If the MAPE of the inferredFCL temperaturen actual scale is larger
than 1%, go to Step 2.
Since the model, which has passed the training success criteria, already uses the
most useful learning scheme among the options for the case study, the learning
algorithm does not need to be changed. Thustoblem of the feature selection
would be solved by rselecting the input types.
Step B-2. If the MAPE of inferredFCL temperaturén actual scale is less than 1%,
go to Step 3.
Through the testing process, the Mased SSFIM is developed.
Step B. Saving the Model in the Diagnosis Module Storage of Digital Twin
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Figure 39. Machine Learning based Safety Significant Inference Model Development Workflow
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Figure 40. Threeway Hold-out Method in Training and Testing Process for Developing thebiied
SSFIM

Success Criteria
There are two types of success criteria: training success criteria and testing success criteria.

The numerical values of the criteria are different bectheehave distinct objectives.

V Success Criteria in the Training Process
Training success criteria aims to evaluate the model itself from the training. That is why

the validation MSE loss, which is a normalized value, is used as a target metric. By#nehres
of the quantitative structuractivity relationship(QSAR) model development, to be a good
predictive model, the RMSE should below than Gi9].[Hence, the training success criteria

becomes to 0.09 of MSE value.
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V Success Criteria in the Testing Process
The final evaluation aims to identify whether the developed model is applicable to infer
the SSF in transient. The FCL temperature measureimerssured 1% accuracy by using a
tungsten/rhenium thermocouples]3In other words, there is an error withil% between actual
temperature and measurement. Thus, if the result from the SSFIM hd&\P%in actual scale,
the inferred value from the rdel is as reliable as a measured value from the thermocouple. As we
assumed that the simulation data is an actual value, 1% of the simulation result can be a testing

success criteria.

3.5.5. Challenges

The potential challenges of the training and tespimacess are divided into two parts:
hyperparameter adjustment and feature section. Both issues will be solved in the following case
study.

3.6. Summary

For the development of the Mhased SSFIM, chapter 3 demonstrates necessary
foundations:research assumption and hypothes#=velopmental workflow for training and
testing the modeland technical componentscluding data generation process, ML model
components, training and testing process, and success criteria. Each technical compwsent sh
its challenge that would be overcome the following case studies or excused by the research
assumptions. Based on this knowledge and information, théaded SSFIM would be trained

and tested in the following chapters.
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CHAPTER 4. CASE STUDY DESCRIPTION

This case study has some distinct component requirements to accomplish a specific
objective. The fANo Free Luncho theorem cl ai ms
a certain problem is not optimized for other proble®@.[The first step for ML algorithm
optimization is defining the problem with component requirements, such as interface, function,
and modelling. In the research, a deep RNN is used for modelling components, while the function
and interface are configured for therposes of the objectives. The tasks in the case studies are
designated to develop the robust SSFIM and draw the potential capabilities. The capabilities are
identified by inferring the extendeatlagnosis range the model. There afeur case studies to

achieve the research objectives described in the research scope chapter.

4.1. Case Study ComponerfiRequirements

Case study 1. Building the ML Algorithm for developing the flhsed SSFIM

The case study 1 aims to build the ML algorithm for the-béised SSFIM. It is related to
the research objective that an Ndased Model is developed to infer the plant damage states. There
are two sukobjectives: 1) identifying the RNN adequacy for buildthg ML-based SSFIM and
2) selecting the most efficietgarning ratescheme to train the Mbased SSFIM. For attaining
the subobjectives, input and output are the physical variable data from the GOTHIC code and the
inferred FCL and CL temperatures frommetmodel, respectively. For sabjective #2, three
suggested | earning schemes are dependent var.
The function of the model is that the Mlased SSFIM reasonably infers the SSF from the physical

variable dataAdditionally, case study 1 is a process to confirm the hypothsis (

Case study 2. Inferring the SSF by using a robust model with the minimal physical variable

data set

Through case study 2, the minimal physical variable set is acquired in inferring the SSF
with a robust model. It is an advanced task used to materialize research objective #2 in which the
input dataset is to be identified to infer the plant damage sfdtedunction of the model is that
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the ML-based SSFIM uses only a few physical variable types to infer the SSF, despite the random
noise by the measurement error. Through the case study results, both hypio}raesis(i() will
be confirmed.In orderto prove them, input data is a set of a few physical variable data with

manipulated random errors.

Case study 3. Extending tdeagnosis rangby using the MEbased inference model

There are two approaches in extension of the information range: extensl@godsis
coverageand timespan Through case study 3, two advanced tasks are assigned to achieve
objective #3 in which unknown information is extended from the given partial information.

The first task is that the unobserved abnormal physical phenoarenanapped by
broadening the domain of the inferred variables from the core area to the entire reactor system.
During a transient, even though abnormal physical phenomena must occur in every control
volume, they are not observed because of cost inefficietmwever, in virtue of function of the
model, the physical variables in the whole system are inferred by extending the view of
information.

The second task aims to broadendiagnosistimespamy f or ecasting the n
SSF for developing thfasterthanreattime diagnosis model. Even though the diagnosis results
come out from the measurement of current physical variables at the same time, the outputs are
technically a past situation, because the abnormal physical symptoms are sequerdiakephe
during transient. Thus, pr e d-based 5SFiy totidendifythee x t s 1

plant damage states fastbanrealttime.

Case Study 4. Identifying thmference abilityof the ML-based inference model by

extrapolating the SSF

Case study 4 aims to identify tirderence abilityof the ML-based model by extrapolating
the SSF based on the relationship betweenstemarios In the researchinference abilityis
defined as being the event in which a certain model trained well ramsient can be applied to
the test scenario that does not lie in the rasfgeaining scenariosThe case study evaluates the
mo d erlifeéesce abilitypy testing a different type of transient data. As stated irassbmptions

for solving the challengesf data generation, transient A, B, and C are divided by pppemtion
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status Since each scenario has discrete scenarios, the data coverage or inclusion relationship
betweertransient typesvould be revealed through the test results.

The case studieonsist of the assignments to develop thelbdised SSFIM and show the
capabilities of the model. Tables and 16ummarize the case study objectives and component
requirements. These are organically connected to contribute for establishment of-HasddL
diagnosis model by proving theference abilityof the RNN. Figuretl illustrates the workflow
of how the case studies are implemented in this se&inneeach case study includes its success
criteria,failure or achievement of thiasksdepend oeach modé performanceEven thougthe
case studyo6s o0bjbatachere aresonlessomfiorn theareshlts fervdevelgping
the ML-based model.
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Table15. Case Study Description withomponent Requirements

Case :
Study Component Requirements
Building the ML algorithm for developing the Mhased SSFIM
Obiecti Identifying the RNN adequacy for building the Milased SSFIM
jective Selecting the most efficietgarning ratescheme to train the ML
based SSFIM
Function | Inferring the SSF from the physical variables
Independent ,
) Variable Learning Rate Scheme
D\?gﬁggim Validation Loss and Inferred SSF Values (MAPE)
Interface ; - -
Various Physical Variables Data (Type 1 Test
Input
Dataset)
Output FCL and CL Temperature
Focuses | Learning Rate Scheme and Algorithm Adequacy
Inferring the SSF by using a robust model with the minimal physical
variable data set
Obijective Finding a minimal input dataset to infer the SSF
Inferring the SSF from the physical variable data including th¢
random noises
Function | Inferring the SSF by using only a few measured physical variables
Independent : : :
5 Variable Physical Variable Types and Random Error Magnit
Dependent || ¢ 1ed SSF Values (MAPE)
Variable
Interface : , ,
Inout Manipulated Physical Variables Data (Type 1, Type
P and 3 Test Dataset)
Output FCL and CL Temperature
Focuses | Minimal Dataset and Random Noise
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Table16. Case Study Description with Component Requirements (Continued)

Case :
Study Component Requirements
Extending thaediagnosis scopby using the MEbased inference model
Objective 1 Extending thediagnosis coverage
1 Extending thaliagnosis time span
Task 1. Mapping the unobserved abnormal physical phenomena in the reactor 4
. Inferring the physical variables in the whole system by extending the
Function | _. ? .
view of information
Input Minimal Physical Variables Dataset
Interface Output Temperatures in Every Control Volume
3 Test Case | Transient B
Task 2. Developing the fastdranrealtime diagnosis inference model
Function [Pr edi cting the next t imeasureméne p O §
Input Minimal Physical Variables Dataset
Interface Output Next Time Stepds FCL Te
Test Case | Transient C
Focuses | Extension of the information range, Mapping and Fas$ianreattime
I Identifying the Inference Ability of the Mibased inference model by
Objective .
extrapolating the SSF
Function | Revealing data coverage or inclusion relationship between scenarios
Input Minimal Physical Variables Dataset
Interface
4 Output FCL Temperature
Training Transient A Transient B Transient C
Data
ngttlgg Transient B and C Transient Aand C Transient A and B
Focuses | Inference Ability, Extrapolation and Transi€tenarios
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( Set up the Case Study Objectives )

Set up the Component Requirements

}

Build the Machine Learning Algorithm

l

Select the Features

l No

Test the Model with Type 1 Test Dataset

Rebuild the Machine Learning Algorithm

Satisfy the Success
Criteria?

Achieve the Case Study #1

Adjust the Input Features

Test the Model with Type 2 and 3 Test Dataset

Re-select the Input Features

Satisfy the Success
Criteria?

Achieve the Case Study #2

No

Extend the Diagnosis Coverage

Fail to Achieve the Case Study #3-1

Satisfy the Success
Criteria?

Achieve the Case Study #3-1

Extend the Diagnosis Time Span

Fail to Achieve the Case Study #3-2

Satisfy the Success
Criteria?

Achieve the Case Study #3-2

Test the Inference Ability

Fail to Achieve the Case Study #4

Satisfy the Success
Criteria?

Achieve the Case Study #4

N N AN A N N AN

Figure41. Case Study Workflow
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4.2. Model Name

Since the SSFIMs are classified by interface requirements, the models are named by
revealing the input types in order to distinguish them. The form of the fodlowgs the following
rules:
V The first letter of the model means the transient case, e.g. transient A, B or C
V The next character indicates the input types, such as temperature, pressure, and mass flow
rates.
V Output is omitted in the name because it isdixo FCL and CL temperatures.
V For example, an AA_t914 fl 160 is a model w
#9 and #14; and mass flow rates infilbgv path#1 and #6 as inputs in transient case A.

V Additional information is stated at the end loé tmodel name, if it is necessary,
Based on the rules, the assigned input types
name. The models designate the input variables by using the control volume numbers which are

shown in tablel?.

Tablel7. Control Volume Number Labels

Number Control Volume Number Control Volume
1 Primary Tank 12 Inner Reflector
2 Pump 1 HP Vertical Pipe 13 Outer Blanket
3 Pump 1 HP Horizontal Pipe 14 Upper Plenum
4 Pump 1 LP Pipe 15 Outlet Pipe
5 Pump 2 HP Vertical Pipe 16 IHX Primary Shell
6 Pump 1 HP Horizontal Pipe 17 IHX Secondary Downcomer
7 Pump 2 LP Pipe 18 IHX Secondary Lower Plenum
8 HP Lower Plenum 19 IHX Secondary Tube
9 LP Lower Plenum 20 IHX Secondary UppePlenum
10 Active Core 21 IHX Secondary Outlet Pipe
11 Control Rod

HP: High Pressure
LP: Low Pressure
IHX: Intermediate Heat Exchanger
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4.3. Summary

In this chapter, the case studies are described through the component requirements and a
specific objective. The case studies are connected in one direction to prove its ability as the ML
based diagnosis model. The models are named to reveal the features of the model, such as input,
training dataset, and so on, to be easily discerned by Uibersasks would be implemented in the

following chapter.
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CHAPTER 5. CASE STUDY IMPLEMENTAION

In this section, case studies are implemented to achieve the objectives and confirm the

hypotheses. The Mbased model is trained accordance with the interface requirements and

tested to accomplish the functional requirements.

5.1.Building the ML Algorithm for Developing the ML-based SSFIM

5.1.1 Learning Rate Scheme Evaluation

To find a propetearning ratescheduler among three policies in the research, the validation

losses are compared. There are two types of transient A models: four temperatures for the input

dataset and two temperatures and two mass flow rates for the input dataset (SE®.t&ble

models in total are trained to compare the results by tracking the validation loss in every epoch.

Table18. Models used for Evaluation of the Leaning Rates Scheme

Learning Rate

Model Name Target Case Input Types Scheme

A 1914 fl16 CAWR Temperature #9 and CAWRLR
A t914 fl16 CL #14 CLR

Mass Flow Rates #1

A _t914 fl16_RLRP Transient A and #6 RLRP

A_T4 CAWR Temperature #9, #14, CAWRLR
A_T4_CL #16, and #21 CLR
A T4 RLRP ’ RLRP

As we can see in tabl®, the RLRP is the most efficient scheduler for the case study. The

best val.

dat i

on |

0SS

of

t he

CAWRLR and CLR. Moreover, for the model training, the CAWRLR and the Glke 170.42

hours and 168.54 hours, respectively, whereas, when acqQua®.40 GHz processor is used, the

training with RLRP finished in 18.82 hours. Because the training with two former schedulers
would be finished at 2580epoch, on the other hand, tRERP terminates the training process

when the validation loss does not decrease during the last 200 epochs. Owing to the rule in policy,

the | ast |

each other. Finally, it e

ear ni

ng
case

rates

of t h

of t he
e ANA_t914 f I

AA t914 f116_ R

16 RLRP, 0

policies allows the shortest training time among them by stopping the training at thept2éi.
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Similarly, the AA_T4 RLRPO also convertiepges f as
|l ast |l earning rate of the AA_T4 RLRPO i s smal/l
the validation loss is larger. The small learning rate does not guarantee less validation loss for the
better trained model.

The RLRP enables the model taitr faster with smaller validation loss than other policies.
Updating the model parameters to the minimized value has failed during given numbers of an
epoch, since the CAWRLR and CLR, which repeat the increase and decrease of the learning rates
by the rues, disturb the weight to converge (see the learning rates plot). The MSE repeats the
divergence and convergence with a large amplitude compared to the RLRP (see the validation loss

plot). In conclusion, the RLRP policy is used hereafter.
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Table19. Learning Rate Scheme Evaluation Results

Model Name

Train and Validation
Loss Plot

Learning Rates Plot

Best Validation
Loss

Best Epoch/ Last
Epoch

Last Learning
Rates

Computational
Time [hr]

Loss Plot for Each Epoch (CAWRLR)

Learning Rates (CAWRLR)

ﬁ [ —— 0.0871
L) ‘ .l 2143/2500
A 1914 fl16_CAWR| .| |l
2l 1.266E04
o ] T T T
0 500 I‘MOEDD( 0 00 2500 foach 170.42 [h r]
- _ Loss Plot for Each Epoch (CLR) Learning Rates (CLR) O 0684
i | 1026/2500
A_t914_fl16_CL | .. L
HL e 2.051E04
\ ool AV M A
] 500 oo 00 2000 2500 ] 500 b 2000 7500 168 . 54 [h r]
" Loss Plot for Each Epoch (RLRP) Learning Rates (RLRP) e O 0486
% N - saveg Checkpoint 220) ;i::: 226/426
A_t914 _fl16_RLRP | i el
i 1.221E06
‘ \"J\\':.;,‘_;m,,,,ﬂ.i,%‘.w — V0T o e @0 B0 W0 B0 0
o0 - S 10 150 200 280 00 30 460 ) Epoch 1882 [hr]
o T:::ss Plot for Each Epoch (CLR) Learning Rates (CAWRLR) O . 1 189
5 8 Z::Z;;;smmmzsm ::: I,‘ ‘ . .
3 il 2290/2500
A_T4_CAWR :. i
= | 1.266E04
S R ) 0005 e e ww
0 500 maulm“l; fpach 162-33 [h r]
" Loss Plat for Each Epoch (CAWRLR) Learning Rates (CLR) 0 401
E, | ol 1085/2500
A_T4 CL .
oL 2.051E04
[] 500 1000 oo 1500 2000 2500 500 wuuiwﬂlbw 2000 2500 172.25 [h r]
___ Loss Plot for Each Epy TRLIP) Learning Rates (RLRP) O 0498
I | k339) . 0.008
| 359/559
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1.526E07
\“"k _______ e A | .
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5.1.2. RNN Adequacy Evaluation

The main objective of case study 1 is to identifyNHe algorithm adequacy by evaluating
the model performance. TabR9 shows the input types for developing the SSFIM. Control
volumes of the coolant temperature are arbitrarily chosen but they includeeth@ PLP) and
the outlet (UP). The paths of mass flow rate consist of each pump pipe and the core inlet pipe.
Also, the pressure in the HPLP is pressure input data. By combining the input data, 8 types of input
datasets are used to train the RMNotal of 24 models (8 types of inputs3 transient cases) are
developed and tested by the type 1 test datase&t3f B53, or G37. The validation loss, RMSE,
and MAPE of FCL temperature are shown in t&iléo show the training and testing results. The
RMSE indicates a difference between the inferred valde gnd actual valued() in a de
normalized scale calculated by the below equation.

‘0 0
YO YO — (21)

Table20. Input Variables of the SSFIM for Case Study 1

Model Name Control Volume Number
(Target Case ) Temperature Pressure Mass Flow Rates
T4 #9, #14, #16, and #21 - -
t914 fl16 -
1914 pr8 116 #9 and #14 78 #1 and #6
T4 FL3 #9, #14, #16, and #21 - #1, #6, and #11
T8TIEL3 #1, #9, #14, #15 #16, - -
T8_p_rS_FL3 #17, #20 and #21 78 #1, #6, and #11
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Table21. Training and Test Results of Case Study 1

Model Name Input Numbers | Validation Loss R#gii;:ﬁ; MA.II_DeEm(;/;)raOtL'r:gL
A T4 4 5.250E02 1.845E+00 1.665E01
A 1914 fl16 4 4.560E02 1.530E+00 1.532E01
A 1914 pr8_fl16 5 4.280E02 1.519E+00 1.546E01
A_T4 FL3 7 3.690E02 1.748E+00 1.684E01
A T8 8 5.140E02 1.811E+00 1.500E01
A T8 FL3 11 3.600E02 1.703E+00 1.687E01
A T8 pr8_FL3 12 4.110E02 1.509E+00 1.504E01
B_T4 4 8.700E03 8.942E01 1.091E01
B_t914 fl16 4 9.600E03 8.384E01 9.856E02
B_t914 pr8_fl16 5 7.100E03 7.607E01 9.201E02
B_T4_FL3 7 7.500E03 7.599E01 8.878E02
B_T8 8 7.800E03 1.035E+00 1.224E01
B_T8 FL3 11 6.900E03 6.866E01 7.204E02
B_T8 pr8_FL3 12 8.200E03 8.119E01 1.035E01
C T4 4 1.350E02 3.312E+00 3.667E01
C_t914 fl16 4 1.200E02 2.674E+00 2.825E01
C_t914 pr8_fl16 5 1.050E02 1.868E+00 2.319E01
C_T4_FL3 7 8.400E03 1.938E+00 2.306E01
C_T8 8 1.390E02 3.018E+00 3.475E01
C_T8_FL3 11 1.060E02 2.085E+00 2.491E01
C_T8_pr8_FL3 12 1.040E02 1.757E+00 1.998E01

As we can see in tab®l and figure42, the FCL temperature inferred by the NMased
SSFIM is very close to actual FCL temperature from the simulation. There are several noticeable
points in testing results:
1) The validation losses of every trained modellass than 0.09 and the MAPEs of the FCL
temperature are within 1% As we c08of see
the validation loss and 7.204R % of the MAPE in the FCL temperature when the trained

model is tested on the type 1 test datdseother words, the RNN output is nearly identical
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to the GOTHIC result when the random noise is not considered in the physical variable
measurements.

2) The validation loss of the transient A model is larger than the transient B and transient C
models. Tis means the model, which consists of mhkiad eventsn the transient
scenario, is trained better than the model with a sinegel eventHowever, mor@ariables
in a scenarialo not necessarily lead the ML model to learn better (see féf)rerhe
transient B model tends to have a smaller validation loss than others.

3) The RMSE and MAPE of the transient C model is larger than the other niselelsgure
44). There are several chances to have differences between the actual value and the inferred
valuebecause the trend of the FCL temperature changes multiple timesshesnio

4) The number of input data is irrelevant to the accuracy of the model. The model performance
of the model depends on what type of input data is used rather than how manwiaputs

required. Further studies are properly executed in the following section.
In virtue of the findings, the following case study is motivated to investigate which physical

variable is critical to infer the SSF and how many input typesegy@red to get reasonable level

of the SSF. In order to conduct various tasks, the RNN is utilized as a core engine in the ML model.
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Figure42. SSF Inference Test Results by using the T4_FL3 Model
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Figure 44. RMSE and MAPE of the FCL Temperature on Type 1 Test Dataset

5.1.3. Summary
The RNN with the RLRP policy is an appropriate algorithm to deal with the physical
phenomena data to infer the SSF. By identifying the adequacy of the RNN through the case study

results, the hypothesis #1 is confirmed and the potential challenge of th&gbtithm is solved.
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5.2. Inferring the SSF by using only gdew M easuredPhysical Variables

According to the combination of the input dataset, a total of 34 types of the models are
prepared to implement the case study 2. T2Bdemonstrates that tleodels are named to reveal
the input data by using the numbers of the control volumes. There are 8 temperatures, one pressure,
and three mass flow rates to make a diverse assortment includingtgpegieput set, for instance,
temperature only model. brder to identify which variables are influential or useless in the dataset
by testing, various Mibased models are trained. Thé3, B-53, and C37 are used to show the
results in the section. The section consists of type 1 test results to identédiati@nship between
input variables and SSF, type 2 results to sort out a robust model, and type 3 results to find a robust

model with a minimal dataset.
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Table22. Inputs Description for the SSFIM

Control Volume Numbers

Model Name Input Numbers
Temperature Pressure Mass Flow Rates
t9 #9 - -
t14 #14 - -
fl1 - - #1
1
fl6 - - #6
fl11 - - #11
pr8 - #8 -
t914 #9 and #14 - -
t9_fl1 - #1
t9_fl6 #9 - #6
t9_fl11 - #11
t9_pr8 2 - #8 -
t14 fl1 - #1
t14 fl6 #14 - #6
t14 fl11 - #11
pr8_fl1 - #8 #1
fl16 - - #1 and #6
191416 #9, #14, and #16 - -
t914 fl1 - #1
1914 fl6 - #6
#9 and #14
t914 fl11 - #11
t914 pr8 3 #8 -
t9 fl16 - #1 and #6
t9_pr8_fl1 #9 #8 #1
t14 116 #14 -
= #1 and #6
pr8 fl16 - #8
fl1611 - - #1, #6, and #11
T4 4 #9, #14, #16, and #2 - -
t914 fl16 -
#9 and #14 #1 and #6
t914 pr8 fl16 5 #8
T4 _FL3 7 #9, #14, #16, and #2 - #1, #6, and #11
T8 #1, #9, #14, #15 #16 i i
8 #17, #20 andi21
T4 _pr8_FL3 #9, #14, #16, and #2 #8
T8 FL3 11 #1, #9, #14, #15 #16 - #1, #6, and #11
T8 pr8 FL3 12 #17, #20 and #21 #8
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5.2.1. Identifyingthe Relationship betweemputs andOutputs of the SSFIM

Figure45 shows the type 1 testing results of MAPE. There are several findings that

1) The number of inputs does not affect the model performance. More input numbers do not
guarantee a smaller error but does not increase the redundancy to infer the SSF. By using
onyone sensory ,dattlae ekClept emig®Or ature 1 S S uU-(
transient cases (see figut®) when there is no random noise from the measurement.

2) Temperature at LPLR aninappropriate variable to be used as a shmgbeit-model.

3) In conclusion, the main concern to compose the model is not the number of inputs but the
vari abl e t vy pleloesndt gualify fiotbd®am Miresatl SSFIM.

BESHEES
~ B A-Type 1
S~ o B-Type1
o 1. X C-Type 1
= )

o X
2 e
£ 17
[
|_
O
v X x X X | | x
< X X X X Xxx R X
b o XX XXX T m e g 2T X X x X >_< XX
N UI Ilul n AN u EEEy n 5II
Q 0.1 o 0 i O i ® e o ©
<C 1 o0 R 5 00 o %o
> 0 O o &
1 1 1 1 1 1 1 1 Ic||)I 1 1 1 1 1 1 1 1 1 1 1 I 1 1 ITI 1 1 I 1 1 1 1 1 1 I 1
Dk E a0 > QD L0 L QL0 QL0 D E D00 QOO AT OO DR ABEND
B R P e
2 8‘,\0‘/ &ba/ &‘b/

Figure 45. Type 1 Test Results of the Mhased SSFIM
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Figure 47. Type 2 Test Results of the Mased SSFIM
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Figure 47 shows the MAPE of the test results of the type 2 dataset. Findings from the

results are as follows:

1) Temperature is sensitive to random noise. The temperature only models show a wide

fluctuation in the inferred SSF (see figur®.

2) On the contrary, the msa flow rate is an undisturbed physical variable to the measurement

error. The mass flow ratenly models satisfy the success criteria. Moreover, even though

many temperatures are included in the input dataset with the mass flow rates, the MAPE

of the infered FCL is within 1% (see figurg-8). From this perspective, the mass flow

rates are dominant apewerfulvariables to infer the SSF.

3)In the case of the At914 f1l 60

the success criteria. Thatbecause the transients8enariacontains the sblizedstate for

a long period after ramping down.

4) In conclusion, the mass flow rate must be involved in the input dataset due to robustness

to random noise.
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Figure 50. Type 3 Test Results of the Mhased SSFIM
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Figure 50 shows the MAPE of the test results of the type 3 dataset. Findings from the
results are as follows:

1) Since the type 306s random noi g¢& pien 2t6lse mas
themassflowratenl vy model s result in the unaccept a
model shows good performance. That means, the mass flow rates in the pump #1 path are
the mostobustvariable among the suggested physical variables

2) Even though the #Afl 10 is the crucial wvari a
than 1% when other variables are combined
impede the accuracy because the random noise of the temperature in typs thanl¢hat
in type 2.

3) The pressure is treated as a useless variable because of the large random noise.

Table23. MAPE of the FCL and CL Temperatures in Each Models

Type 1 Type 2 Type 3
MAPE (%) FCL CL FCL CL FCL CL
A fl1 1.437E01 | 1.834E01 | 2.705E01 | 3.402E01 | 9.281E01 | 1.149E+00
A 19 fl1 1.593E01 | 1.985E01 | 3.003E01 | 3.748E01 | 9.277E01 | 1.150E+00
A t9 fl16 | 1.503E01 | 1.932E01 | 3.022E01 | 3.823E01 | 9.711E01 | 1.204E+00
B fl1 1.057E01 | 1.341E01 | 1.799E01 | 2.273E01 | 5.744E01 | 7.210E01
B t9 fl1 1.002E01 | 1.242E01 | 4.428E01 | 5.621E01 | 9.119E01 | 1.149E+00
B t9 fl16 | 9.827E02 | 1.236E01 | 1.980E01 | 2.545E01 | 4.043E01 | 5.153E01
1 1.752E01 | 2.275E01 | 2.103E01 | 2.728E01 | 4.001E01 | 5.085E01
C t9 fl1 | 2.085E01 | 2.665E01 | 2.502E01 | 3.163E01 | 4.104E01 | 5.145E01
C t9 fl16 | 1.985E01 | 2.534E01 | 3.026E01 | 3.845E01 | 7.712E01 | 9.758E01

Table24. Aver age MAPE of the #Afl 106 Model, At9 _f1l 10
Average MAPE (%) i f IMbdl it9 fl1 10 it9 fl 16¢(
Type 1 FCL 1.415E01 1.560E01 1.490E01
Type 1 CL 1.817E01 1.964E01 1.900E01
Type 2 FCL 2.202E01 3.311E01 2.676E01
Type 2 CL 2.801E01 4.177E01 3.404E01
Type 3 FCL 6.342E01 7.500E01 7.155E01
Type 3CL 7.929E01 9.378E01 8.984E01

4) Through the three steps, input datasets, which are able to robustly infer the FCL
temperature within 1% accuracy, are Afl 1, 0
models are distributed as 0.1~0.2% in type 1, 0.2~0.4% in type 2, and 0.4~0.9% & ty
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(see tabl@3). These values indicate that the accuracy of the inferred temperature from the
SSFIM is higher than the accuracy of the measured temperature from the thermocouple.

5) The MAPE of the inferred CL temperature are distributed as 0.1~0.3%ari1y0.2~0.6%
in type 2, and 0.5~1.2% in type 3. These are larger than the MAPE of the FCL temperature,
because the CL temperature is lower than FCL temperature.

6) Based on the averages of the transients A
smalles and the MAPE of the At9 fl 10 model I s
table524).

7) The MAPE of the transient A is largest among the transient scenarios sistafiiized
state with fluctuation due to noises is longer than the others (seeSiganel figures2).

8) In conclusion, the minimal dataset used to infer the SSF is a [mass flow rate in the pump
#1 path]. I n other words, I f we correctly
path, it is enough to infer the FCL temperature and CL tesmtyrer. However, for further
case study, not only the Afl 10 model but

advanced tasks.

Detailed inferred results including RMSE and MAPE of each model are shown in Apgendix
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Figure 52. MAPE Distribution for Determininghe Minimal Input Dataset

5.2.4. Summary

Through case study 2, the robust model, which consists of the minimal dataset, is
developed. The evaluated Miased model performance is as good as using the SSFIM instead of
the thermocouples. What type of physical variable is used as an input datteeSSFIM matters
when designing the model rather than how many input variables are required to reasonably infer
the SSF. The mass flow rate in pump #1 is both the minimal dataset and tivapootstntvariable
for the robust SSFIM. Since the temperatisevery sensitive to random noise from the
measurement, two or more temperatures become a hindrance factor. Also, the pressure is not a
necessary variabl e. For case studies 3, t he

models, are used to aelie the objectives by inferring the extended information.
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5.3. Extending theDiagnosis Rangeby using the ML-based Inference Model

5.3.1.Mapping the unobserved abnormal physical phenomena in the reactor

As mentioned above, there are two approaches in extension dafiaheosisrange:
extension ofliagnosis coveragandtime spanin order to infer SSF, which is represented by the
FCL tempeature and CL temperature, two outputsiaferredfrom the RNN. By expanding the
dimension of the output of the ML algorithm, the deduced information is not limited to the SSF.
Case study 3 is implemented to map the inside of the reactor system from femtyphysical
variable measurements.

Based on the minimal datasets, all the temperatures in thellgBfRnary system are
disclosed by the inventive Mhased inference model. Tal2& demonstrates the labels in the
GOTHIC code and corresponded @8lIs in which the coolant temperatures can be measured.
Since the liquid sodium temperatures are targets to be inferred, the success criteria should be
changed. According to the EBR data digitalization documentation, as we assumed above, the
thermocouples forme coolant temperature guarantee £0.375% accurbmyce the acceptance
criterion of the model is the MAPE of the 0.375% because the reasonabtadél inference

model should be as good as the thermocouples.

Table25. The Labelsn the GOTHIC Code and Corresponded Cells in Control Volumes

Label Control Volume Label Control Volume
TL1s45 Primary Tank TL12s1 Inner Reflector Inlet
TL2s2 Pump #1 Vertical HP Pipe TL12s4 Inner Reflector Middle
TL3s2 Pump #1 Horizontal HP Pipe | TL12s6 Inner Reflector Outlet
TL4s4 Pump #1 Vertical LP Pipe TL13sl Outer Blanket Inlet
TL5s2 Pump #2 Vertical HP Pipe TL13s4 Outer Blanket Middle
TL6S2 Pump #2 Horizontal HP Pipe | TL13s8 Outer Blanket Outlet
TL7s4 Pump #2 Vertical LP Pipe TL14s1 Upper Plenum
TL8s1 HP Lower Plenum TL15s3 Outlet Pipe
TL9s1 LP Lower Plenum TL16s5 IHX Primary Shell
TL10s1 Active Core Inlet TL17s1 IHX Secondary Downcomer
TL10s6 Active Core Middle TL18s2 IHX Secondary LP
TL10s12 Active Core outlet TL19s5 IHX Secondary Tube
TL11s1 Control Rod Inlet TL20s1 IHX Secondary UP
TL11s5 Control Rod Middle TL21s1 IHX Secondary Outlet Pipe
TL11s9 Control Rod Outlet
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Figure53 and figures4s how t he model performances of
model. There are several findings that are as follows:
1) I n the caseanapping thed &lB, fhdth test results of

2)

3)

4)

success criteria. However, in type 3 testing,itfierred temperatures are not acceptable at

every control volume except TL17 and TL18 (see t2b)e

The MAPE tends to be smaller at the control volumes in which the coolant does not flow
into the core channels yet, such as the primary tank, pump pipeand core inlet region

when compared to control volumes near the outlet, because the variation range of the outlet
temperature is much higher than the inlet temperature.

The coolant temperatures at IHX Secondary Downcomer and LP have the smallest MAPE
because the difference between the maximum and minimum is°G.@2most.

The bet we e mapgginge amels uilBhagppdhg ff | tL 16 e

model s i s

compari son
il lustrated _mappingf i goud eel 61s4 . p eTrhfeo r fi
acceptable onlyn the type 1 test dataset. Also, even though the average of MAPE in type

3 is smal | enappihgh amo dieBl &d,1 t he
From this

model(see figureb4).

value is stil

~

poi ntmapdingv mewelt he MBt MMEppingt han 0

In conclusion, the function of the Mhased inference model has been successfully

extended for mapping the temperature distribution in the reactor system when the random noise

from the measurement is 1%. Since the MAPE is affectedebyatige of the variation along the

transient scenario, the temperatures nearby outlet regions show a lower accuracy than temperatures

at inlet region control volumes. However, if the mass flow rate at pump #1 is able to be correctly

measured, all the temgagures can be approximately estimated without any observations.

Table26Aver age MAPE of the AB_fl 1_mappingo Model
Average
PE (%) | Type 1 Test Dataset| Type 2 Test Dataset| Type 3 Test Dataet
Model Name
B_fl1_mapping 1.294E01 1.516E01 5.213E+00
B_t9 fl1_mapping 1.213E01 4.045E01 8.053E01
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5.3.2.Developing the Fastehanreaktime Inference Model

The ML-based inference model is able to function the fabi@nrealtime simulator by
dealing with the sequential data. Since the abnormal physical symptoms a@epemsient
phenomena during transient, the inferred SSF values based on the currememeaiswould

represent the past plant damage states. From this perspective, the diagnosis sphere covers the short

term forecast. Thereby, the expression of
task. In the case study, the eserondater SSF is predicted from the current measurement and
operation history because each time step is one second. Thebbgjiustrates the modified RNN

structure to develop the fastiranreakttime model.

Deep Recurrent Neural Network

47> wee
rH ’

M/n >Mf

. . . H?N

m? 12

Figure 55. The RNN $ructure for the Fasteghanreaktime Model

Table27 and figure56 show the MAPE of the redime model and fastahanreaktime
(ftr) model in transient C. There are several findings that are as follows:

1) A fasterthanreattime model is able to preditth e next stepébés FCL

the current measured data. The MAPE of the predicted SSF is less than 1% for every type

of test dataset (see tald@and figures7).

opr

t

2) I n the case of the #ff | -thanreatine mddelislardgercthatMA P E

the MAPE of the realime model. However, the fastdranreatt i me model 6s perf

e

n

(0]

is better than the redli me mod el in the fAt9 fl 160 model

different and independent models (see fidiée
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Table27. MAPE of the FCL Temperature from the Réiahe Model and Fastahanreattime Model

MAPE (%)
Model Type 1 Type 2 Type 3
C fl1 1.752E01 2.103E01 4,001E01
C fl1 fir 1.694E01 2.517E01 5.510E01
C t9 fl16 1.992E01 3.024E01 7.698E01
C t9 fl16 ftr 1.932E01 2.522E01 5.716E01
1.0 - |
X Type1
X Type 2
0.8 X Type3| —
= 0.6
E 0.4
=
0.2
0.0 T T 1
c_fi1 C_fll_ftr C_t9_fl16 C_to_fl16_ftr

Figure 56. MAPE Comparison between Rethe Model and Fastghanreattime Model
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5.3.3. Summary

The ML-based inference model is able to extenddibgnosis ranga bothcoverageand
time span Firstly, by using a mass flow rate data, all the temperatures in the reactor system are
inferred within 0.375% when the random noise of variable is less than 1%. The MAPEs in the
outlet control volumes tend to be higher than others because the magnitude of the error mainly
depends on the variance in the scenario. Therefore, for improving the gcapldating into two
groups, inlet temperatures and outlet temperatures, is suggested in the normalization process.
Secondly, the fastehanreatt i me i nf erence model I's developec
FCL temperature. The diagnosis sphere lmamxtended to shererm prognosis to deal with the
sequential issue in virtue of the MLased i nference model 6s capalt

extendibilityof the SSFIM based on the RNN is realized in several ways.

5.4. Identifying the Inference Mocel Ability by Extrapolating the SSF

In the research, the inference ability test aims to figure out whetmaita trained model
is able tobe appledto out of range scenarios with acceptable results. For the first test, the test
d at aleadtevestae the same as the training datésdbut it passes the bounds of the range.
Meanwhile, for the second test, the test dataset and training datasets do not dtead dwents
in scenarioFor instance, it evaluates whether the model developed for ttaAstan reasonably
infer the SSF on transient B or C. Through the case study, the inference ability of -fhesktL
model would be identified.

5.4.1. Extrapolating the SSF in BxtendedSimilar Transient

The extrapolation test is implemented to identify whetheiMhebased model is able to
infer the SSF when pump &Xperation state is beyond its training range or not. The independent
variable for the training model is a range of ramping speed, then the distance of extrapolation
would be determined. TabR8 describes thecenario®f training datasets for the modeicatest
datasets. For instance, from the distance perspective, the range of training datasets for the
AB_fl1 ext _ 105 _ 1300 model i s53 compamd toithatddr he n e ar
AB_fl 1 _ ext th&OBB 1f21010_ eaxntd 1 0 5 ¢ thendistdned from theftaived e a s
data of AB_fl 1 _ ext _1B5Disthenevgest dmortg the tesh sets. By usimgs i e n
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Table28. Scenario Description of Trained Model and Test Dataset

Trained Scenario Description

Model Name :
Pump #1 Pump #2 Set Point (°C)
B fl1 ext 105 Coast Down to 50% Ramping up [105%)] [672 ~ 690]
B _fl1 _ext 105 120 | Coast Down to 50% Ramping up [105% ~ 120% [672 ~ 690]
B _fl1l ext 105 135 | Coast Down to 50% Ramping up [105% ~ 130% [672 ~ 690]
B _fl1 ext 120 150 | Coast Down to 50% Ramping up [120% ~ 150% [672 ~ 690]
B_fl1_ext_135_150 | Coast Down to 5% | Ramping up [135% ~ 150% [672 ~ 690]
B_fl1_ext 150 Coast Down to 50% Ramping up [150%)] [672 ~ 690]
Tested Scenario Description
Test Dataset -
Pump #1 Pump #2 Set Point (°C)
Bi 11 (Type 1) Coast Down to 50% Ramping up to 110% 681
Bi 53 (Type 1) Coast Down to 50% Ramping up to 140% 681

Table 29 and ® show the extrapolation results. There are several findings that are as

follows:

1)

2)

3)

The SSF is successfully inferred when the distance betthedraining dataset and test
dataset is close. For example, even though the model is ttaikadwthat the maximum
capacity of the pump speed is 135%, it can correctly infer the FCL temperature with 0.21%
accuracy when the pump is operated at 140%, dwerkimown maximum capacity
However, the furthethetest datasas from the training dataset, the worse its accuracy.

When the distance between pump speeds is 20%~25%, the inferred SSF is acceptable to
be used. Thus, 20%~25% would be treated saferangeto extrapolate the SSF for the
transient B case.

However, the model performances become poor above 35% distance. As we can see from
theresultof Bllintable30, t he i SSF by aB_f Il 1_
acceptable level. In other was, the model overestimates the effect of 110% of the pump
the AB_f | l-estimatedhe mod el

impact of 140% of rampedp speed. Therefore, the rangehafad events in scenario

nferred e x

speed. Similarly, in the test result of3B3 ,
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matters for training the Mibased model. The Mbased model infers the SSF based on
what they have learned.
Two types of extrapolation tests have been implemented in the casessitefytabldield
extrapolation andinacceptabldield extrapolationin the research, an acceptahidd is defined
as a zone in which the extrapolation result is acceptable, likewise, an unacekgtibldicates
a zone where the SSF cannot be reasonably extrapolated by the Tined®L-based SSFIM
proves its inference ability fan acceptabtéeld in which the distance between training and test
datasets is less than 25%le case studyBut, inthecase ofan unacceptabigeld, the model has
failed to infer the FCL temperature due to underestimation or overestimation of the impact of the

pump @eration.The range ohead eveninatters for training the Mibased model.

Table29. MAPE in Extrapolation Test

MAPE B-11 (110%) B-53 (140%)
B_flL_ext_105 - 6.013e+00
B fll_ext 105 120 - 5.838e01
B fll_ext 105 135 - 2.090e01
B fll_ext 120 150 1.501e01 -
B_fll_ext 135 150 4.805e01 -
B_flL_ext_150 1.719e+00 -

Table30. SSF Inference Results in Extrapolation Tests

Transient B-11 Test Transient B-53 Test
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5.4.2. Extrapolating the SSF with Different Scenarios

The extrapolation test is implemented in another field: diffefield. Table 31
demonstrates a trained model and test dat&setn thehead events in scenamperspectivefor
example, sincdest data A53 is a totally different scenario compared to the training data of
transient B or C, the differedffield is named for the extrapolation test. As mentioned above, the
SSFIM has failed to achieve the satisfactory level in the unaccefiildleThus, the hypothesis

that the model performances would be poor may be obviously improved, but there are some
learning points from the results for developing the-bdsed model.

Table31. Descriptions and Relationship of theained Model and Test Dataset

Trained Scenario Description

Model Name
Pump #1 Pump #2
A _fl1 Coast Down [0% ~ 45%] -
B _fl1 Coast Down [50%)] Pump #2 Speed [105% ~ 150%)]
Pump #2 Ramping up and down
1staction: [50%]
0,
C_fll Coast Down [50%)] o action: [80% ~ 120%]
3 action: [80% ~ 120%]
Pump Status Description
Test Dataset Num_ber of P P
Variables Pump #1 Pump #2
Transient A- 53 1 Coast Down to 22.58% Constant (100%)
Transient B- 53 2 Coast Down to 50% Ramping up (140%)
Ramping down (50%)
Transient G 37 4 Coast Down to 50% Y Ramping u
Y Ramping d{(

Table 32 shows theinference abilitytest results. There are several findings that are as
follows:
1) A trained ML-based SSFIM fails inreinference abilitytest. A trained moden a certain
type of transient case is not ablebwmappliedto other types of the test datasets.
2) ModesB and C have not | earned the transient
Hence, the inferred FCL temperatures from the models show incorrect curves.
3) When the B53 is tested by model A, the inferred FCL does not decrease because pump

#206s action is not considered in transient
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4)

temperature pattern, but the valuestabilizedstates is overestimated, because 140%

pump #& speedareunchartedperation statutor model B.

The FCL temperature in the-&7, the most complex transient witbur head eventsis

poorly inferred by models A and B. Since both models have not learned about the ramping
down of pump #2dramatic peak at 70 seconds cannot be recognized. The mass flow rates
in transients B and C are close to each other in converged value, hence, the inferred FCL
temperature is not preposterously far from the actual temperature. On the contrary, because
the mass flow rates in transient A are much lower than the others, the inferred FCL

temperature is underestimated.
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Table32. Inference ability Test Results

Test Dataset

Transient A-53

B_fl1 Model

C_fl1 Model

Model B_fl1 Inference (Transient A)

Model C_fl1 Inference (Transient A)
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A lesson from the differerfield extrapolation test is that a trained model from a certain
transient scenario is not applicable to other types of the transient. It is important thatdhe
eventsshould be deliberated to cover the scenarios for theiricgadata generation. Also, in the
operational workflow, the outlines of the event should be identified to use tHealstd SSFIM.

For instance, in the LOF due to pump ce&st wn , to use the tr amsient
operation state is not normalapdu mp #2 i s i n nor mal condi tion
changed to the fAiB0O model when an operator mak
hand, if pump #2 has failed afterpump#d oast down, the ACO0 model sh

SSF.Fromthis perspectivehe Alguided diagnosis model should include the functicthehead

event identification to provide prior information for the Nbased SSFIM.

5.4.3. Summary

Through the case studies, the limitations of the-Ibhfised SSFIM are shown and
corresponding solutions are suggested. The study aims to identify the inference ability because the
range of operating conditions is not perfectly specified. Thebséed modelsi not an almighty
technique to identify the plant damage states when eithec#mariadn anencountered transient
is different from the training datagetr its range is far beyond the rangé¢haftraining datasés.
Hence, in order to develop the perful ML-based SSFIM, it is recommended that various types
of transient scenarios, which are derived by a wide range of actions or multiple issue spaces, should
be prepared to train the model. Additionally, the importance oth#aevent identification

function in the Alguided diagnosis model is enhanced.

5.5.Summary

Through the 4 case studies, the dased SSFIM is developed and utilized to identify the
plant damage states during a transient. Each case study is connected to develop competent SSFIM
andst udy t hextendiwlity byl eétablishing its objective to achieve the function of a
diagnosis model.

For building the MLbased model, the RNN witlearning ratescheduler of RLRP is a
proper algorithm and technical component used to infer the REICA temperatures. Despite the
fact that some random noises are presented in the physical variables,-Has&_SSFIM infers

the SSF within 1% of the MAPE by using only a mass flow rate at pump #1. The case study result
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implies that temperature is a séive variable when there is noise in the measured data, whereas,
the mass flow rate is a powerful variable against the noises used to infer the SSF. For the successful
ML -based SSFIM performance, selectingpbeverfulfeatures is a consequential issue.

By using the adapted Mbhased SSFIM, the range of the inferred information is extended
to broaden the view of the diagnosis. Firstly, the-béised inference model allows the temperature
distribution in the reactor system to be mapped from sensory dataagsaflow rate. Secondly,
the diagnosis realm is extended to cover the dbanrt forecasting in the aspect of the fashem
reattime diagnosis by predicting the one second later SSFcdpebilitiesof the ML algorithm
would enable the SSFIM to belisted for further studies in the diagnosis research field.

For the development of the Mhased SSFIM, it is suggested that a variety of transient or
accident scenarios are used to train the model. Since the ML is a useful predictive modeling
method, unles i t meets entirely new cases, from th
important for the model performance is how maegnariosand its range are covered in the
training dataset. Also, the function béadevent identification is necessary in the-dilided
diagnosis modelhus, the problems should be identified in the data generation process throughout

a wide range of theansient scenario
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CHAPTER 6. CASE STUDY ANALYSIS

In this section, based on the case study resultdetitares of the Mtbased inference
model are analyzed. It includes a comparison between knowhedgel simulation and data
driven model performance; discussion of the inference ability and limitation of thbaskd
model; and expected potentials to po®/a meaningful basis for advanced tasks for not only the

Al-guided diagnosis model but also the management and control system.

6.1. Calculation and Inference

6.1.1.Calculation by usingtnowledgebased Approaciodel

The SSF data is producedfiyining GOTHIC code. The conservation equations for mass,
energy, and momentum are solved by GOTHIGs@&ver) program to calculate the physical
variables in accordance with the operating conditiédk [The SSF, which is an existent, but not
easily measwable physical variable, is obtained by knowletigsed simulation code. In this
study, the deterministic code is assumed as theeséistate code, so the numerical results from
the simulation are equivalent to the actual values. Since the SSF levedssECiL temperature
or CL temperature, is regarded as a solid thermal conductor in the GOTHIC code, it is determined
based on thermal hydraulics by solving conservation equations for mass conservation, energy
conservation, and momentum conservati#j. [Following equations and assumptions are extracts
from the GOTHIC technical manual (version 8.2).

Energy conservation for solid thermal conductor considers thermal conductivity and

boundary source from the wall. The energy equation for the solid condugioen by

<

AT T—'Qo’o 0 MY 33Q0 i QO (22)

o-

where the subscrigin means a specific conductdrjs the densityc is the specific heat, T is a

local temperature of the conductos, is the volume of the conductd® is the diffusion
coefficient (conductivity)i is the energy source per unit wall areagndo are the surface

area ofw internal to the conductor and the external bounding surface area in which the conductor
meets with the fluid phases, respectively. The energy balance is reduced for flat plate geometries

with two-dimensional condition:
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where thed andQ are specific heat and the conductivity, respectively, which depend on space
and the local temperaturéy(). 0 s the local internal heating rate. The energy sofrora the
wall to the fluid which is one of the boundary conditions;ludes convection and radiation heat
transfer, and condensation. The total heat trafisfer the wall to the fluid§ ) is
0 0 0 0 0 (24)
where0 is the latent heat released by condensation at the conductor strfaceand0
are the convective heat flux between the saturated film and superheated vapor and between the
liquid and the conductor surface, resipeely. 0 is the radiant heat flux. The total heat transfer
is used for one of the boundary conditions of energy balance. In the GOTHIGI BRRlel in
which coolant is liquid state sodium, the liquid phase fluid side convective heab sate () is
given by
@ oy,
ay  ay P v

where O is the liquid convective heat transfer coefficient and the superscioid n+1

Oee e 0 Y Y Y (25)

indicates the time levels.

As the equations show above, to calculate the FCLGIntemperature, the liquid state
fluid temperature with time is a significant term.the sme mannerthe mass flow rate would
alsobecome another considerable factor to affect the conductor temperature. The mass flow rate
is given by

'O 007 | (26)
whered ando refer to liquid velocity and area, respectivelyis donor celphase fraction from
the donoracceptor scheme which deals with fluid volurBg][In the case of an EBR reactor,
| =1, because the reactor type is a ggpk reactor in which many reactor costated systems
are submerged under the sodium coolant

The mass flow rate, which would be measured at pump flow path or core inlet, affect the
Reynolds number, the ratio of inertial to viscous forces in a fluid. The Reynolds number is given
by

0" &
yo — 22 (27)
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whereO an'drefer to hydraulic diameter and dynam
number, which indicates the ratio of convect.i

function of the Reynol ds Nusselbbreimberasnd t he Pr and
06 QY i % (28)

where0 andQare the characteristic length and the thermal conductivity, respectively. In the

equation,Qis the convective heat transfer coefficient, which is also marké&d as in liquid

phase.

By using the knowledge of the finite volume numerical method with the conservation

equations, the SSF is calculated.

6.1.2.Inference by usin@ata Oriven Approachviodel

The ML model with DNN, which is combined by a number of logistic regressions, learns
the patterns to identify the relationship between inputs and outputs by updating the weights. The
RNN treats the timelependent data problem in whicttputs at a specific time step are predicted
from corresponding sequential input data. Then, based on the case study rezhatstan 5.2.,
we havethe questionof why a specific variable would be a dominant feature in inferencing the
output more thantber variables. There are two hypotheses to amsgéis questionbased on
two different approached) there is garticularcorrelation in trends between the SSF and the
mass flow rate or 23 specific variabldas a distinct feature compared to otbleysical variables

as an inpufor the RNN

Physical Variable Based Analysis by using the PCC

A main topicof the first hypothesis ighe correlation between inputs and outputs. As we
can see the results @hapter 5.2., the mass flow rate in pump #1 is the nodststvariable and
the essential input elememtededo build the robust model even though the random noise is 5%.
In other word@, the mass flow rate might have a particular correlation with the SSF compared to
other physical variables. Thus, analyzing the relationship between input variables and output

variables would confirm the hypothesis.
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A Pearson Correlation CoefficierCQ indicates the degree of the linear relationship
between two variables with a number betwedeand 1. Since it does not signify causation between
two variables, a cause and effect conclusion cannot be drawn from the PCC analysis.

Mathematically, the PCC is the covariance of the two variables divided by the

multiplication of overall standard deviations. The PCC)(is given by

. B o dow
l — “ — (29)
B o o B w o

wherewandwar e the individual s amp®tdssamplesizafadides dé po
wrepresent sample mean of variatsleand U respectively. On the basis of the absolute value of

i , the strength of relationship is verbally described accorttintpe Evans guidance (Evans,

1996) in Table83[53]. Higher PCC refers to stronger relationship. Similarly, the closer a value is

to a negative oneX), the stronger the two variables are negatively correlated.

Table33. Relationship Strength Interpretation of PCC Absolute Values

Coefficient Verbal Description
071 0.19 Very Weak

0.271 0.39 Weak

0.47 0.59 Moderate

0.67 0.79 Strong
0811 Very Strong

As mentioned, above, the simulation results from the GOTHIC are assoingitie actual
physical phenomena in the reactor. Since the physical phenomena due to transient occur in a
confined system, the trends of the physical variables and of the SSFisbaoldelated with each
other. The result of the PCC analysis in transient C is shown in fiurEhe findings from the
result are as follows:
1) The trends between the FCL and the CL are almost the same because these are the SSF.
2) The PCC between connecteariables, such as coolant temperature at UP and outlet pipe
or HPLP and inlet mass flow rate, are one or close to one.
3) The SSF is highly correlateslith the coolant temperature at UP and outlet temperature;
coolant temperature at IHX secondary systend; mass flow rate at pump &2path in a

positive way. Whereas, it is negatively correlatgth the coolant temperature at IHX
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primary system and IHX secondary downcomer; pressure at HPLP; and mass flow rates in

pump #B path and an inlet path.
4) Inconcl usion, the #ff ivelorreldtionevghthre®$F. have a di s
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Figure 58. Average PCCs in Transient C

Input DataBased Analysis by identifying Change Range in Normalized Scale

The second hypothesis is that the Afl 10 ha
as an input variable for the RNN. Since the normalized value is used to train the network, the
magnitude of the patterns is determined according to the physcalble types.Table 34

demonstrates the length of the change range in a normalized scale for each transient.
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Table34. Average Lengths of Change Range in Normalized Scale

Sgﬁﬁgls Label Control Volume Transient A| Transent B | Transient C
TL1s45 Primary Tank 1.620E03 1.333E03 1.800E03
TL9s1 LPLP 7.700E03 6.633E03 8.775E03
TL14s1 UP 2.798E01 1.696E01 1.984E01
Coolant | TL15s3 Outlet Pipe 2.708E01 | 1.636E01 | 1.921E01
Temperature| TL16s5 IHX Primary Shell 1.218E01 7.390E02 7.638E02
TL17s1 | IHX Sec Downcomer| 1.000E04 1.000E04 1.000E04
TL20s1 IHX Sec UP 7.020E02 5.393E02 6.200E02
TL21s1 | IHX Sec Outlet Pipe| 7.018E02 5.393E02 | 6.200E02
Pressure PR8s1 HPLP 6.056E01 5.399E01 | 5.532E01
FL1 Pump 1 1.528E+00 | 1.605E+00 | 1.069E+00
Ma;z t';'o"" FL6 Pump 2 4.856E01 | 7.557E01 | 5.289E01
FL11 Inlet 4.601E01 3.915E01 4.038E01

The findings from the result are as follows:

1) Thechangerange lengths of the normalized coolant temperature are much smaller than

other variables. Because there is a large gap between LP temperature and UP temperature

or outlet temperature, the distance between the lower bound and upper bound is larger than

other variablesT h e

it 9o

transientaretoo small to be learned

mod el

shows

p o dts chamgeslie |

per

2) Due to the small lengths of range, the temperature variables are too sensitive to random

noises to infer the SSF. That is why temperatmy models have failed to infer the SSF

in type 2 test.

3) Otherwise, the change range lengths of the normalized hoaggdte and pressure are

larger than the coolant temperasire one s .

Therefor e,

t he

mo d

variables are able to satisfy the success criteria in type 2 test. However, the random noise

in the type 3 test dataset is too large for theme gxad

t he

nfl

1.0

4) In particular, bhe range of the mass flow rate at pump #1, which is thenvimsstvariable,

is widest among the suggested variables because pumg#$tdowninduceghe reverse

flow. In virtue of that, the normalized range of tlief | 1 0

t1sl], andthe average [

length of the normalized range is aboveTte variable becomes the most powednt

robustinput dataagainst the random noise.
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5) In conclusion, the length of change range in a normalized scaledsrthieant fator used
to train the ML:based SSFIM.

The hypothesis established based on input data analysis has been confirmed. The RNN
algorithm recognizes the trends of the input variables rather than thelépeadent physical
variables. However, the dynamic matis of the input variables signify the physical variables
generated by the thermlaydraulic code. The following section discusses the GOTHIC code and
theML-based SSFIM.

6.1.3. Comparison between GOTHIC and fdhsed SSFIM

Both GOTHIC and MEkbased SSFIMire deterministic codesedto compute the specific
physical variables, although the approaches are different (see3@uiiehe GOTHIC calculates
the physical variable by knowledgebased approach, meanwhile, the other one infers the output
data fromthe welttrained ML algorithm built by a datdriven approach. In order to calculate the
SSF, thermal conduc®in the GOTHIC model of the EBR reactor, there are a number of
essential components: extensive knowledge and experimentation, initial @esdiboundary
conditions, and a variety of related information, such as tabular functions, physical parameters,
system geometry, and so on. In contrast, a sufficient amount of reliable data and an appropriate
algorithm with some advanced modules are meguio design the Mibased model. Owing to the
prerequisites in each model, the upgrade processes are different. For the version upgrade of the
simulation code, additional thermlaydraulic features would be modeled based on thediBs |
but, in the casef the ML model, additional training on ngmsecured datasets would be executed
to update the model. In the aspect of the development and upgrade process, buildindp#sediL
model may be simpler than designing the thetnyalraulic simulation code.

GOTHIC and ML-based SSFIM have developed to achieve each objective. The GOTHIC
code is applicable to design the reactor system or analyze the safety and operatingsdystem [
Whereas, the Mibased SSFIM is designed to diagnose the plant damage state tifyirtgthe
corebs physical states. The wultimate goal of
and features. Although the SSFIM is able to rapidly predict the unknown information-tmeal
or fasterthanreaktime, it is not possible tonalyze the risk because it cannot investigate the

relationship between inputs and outputs. Thus, two deterministic codes should be used in a
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complemerdry way rather than in a competitive way. The research sugdestshe
complemerdryway that the beststimate code provides enough and reliable training data to train
the ML algorithm which will be used to diagnose the reactor. From this perspective, data
generation to support the ML model becomes one of the major purposes of the GOTHIC. Table

59 summarize the comparison between two models in the aspect of features.

Safety Significant Factor
(Thermal Conductor in GOTHIC)

Safety Significant Factor
(Outputs of the SSFIM)

1

1

Trained ML Algorithm
(RNN with GRU)

Men 8 (, 0T\, 3 (, 0, _
memﬁ = a(kcna_:") + E(kc" a—;") + QU Energy Balance Equation
T, - . c .

Jprncpf"?dvm = j DE, VT, -ndA + fsg,‘(m nergy Conservation

Ven

A Ap T

Qw = Qcond T Qeonv; T Qconv, + Qrad

f

nm+1

Liquid Phase Fluid Side Convective Heat Rate Q" conw,

Energy Source from the Wall

"
dQ conv;

= Hconu,(n:!+1 - Tzn) + aT.
w

hL
Nusselt Number ~ Nu = f(Re, Pr)= &

Dyupilu
Reynolds Number Re = Llll
H T
Mass Flow Rate | F; = Auypiey
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an 1] (77 ")

Time-dependent Liquid Temperature

Figure 59. Safety Significant Factor Calculation by using the Measurable Physical Variables
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Table35. Characteristics of the GOTHIC and Miased SSFIM

GOTHIC

ML -based SSFIM

Approach

Deterministic Approach
Knowledgebased Approach

Deterministic Approach
Datadriven Approach

Prerequisite

Extensive Knowledge and
Experimentation

Initial Conditions
BoundaryConditions

A variety of related information

Reliable Data

A large amount of Training Data
Appropriate algorithm with
advanced modules

Upgraded by updated thermal

Upgrade hydraulic models based oew Upgraded by training the new dal
experience or knowledge
Design and Ilcens!ng . Real time (or fastethantreattime)
Purpose Safety and operating analysis

Data generation

diagnosis

6.2. Inference Ability and Limitations

Through case study 4, not only the inference ability but also the limitations of the ML
based SSFIM are estimated. From the test results, the accdbénd unacceptablieeld are
determined for extrapolating the SSF (see t&86)e The inference test aims to identify whether

the SSFIM is applicable to unknown scenarios which are caused by being out of the range of head

event or not. In thextended similascenarios, the SSF is acceptably inferred in an acceptable

field where it includes a rnaping up speed of up to 25% in transient B. However, in the far field

from the trained ranges, the SSF inference is failed by overestimation or underestimation because

t he model

differentfield extrapolation result obviously reveals the limitation of the-bised modelTable
37 describes the test cases of transients A, B, aids€ems that there are some common events

among the transientslowever, the range of the&l velocity in transient A is from 0% to 45%,

and pump

eventis overlapped, but the details in the common eweatbarely overlapped. For exampleg t
# 1 06 s . The otherl

three head events are not shared between them. Finally, the result shatsaihatl model from

only overlapped &ad event between transient B &&x@7isp u mp

has not |l earned

#26s ramping

such a | evasdn,thef

i mp :

s peed Tobe btieftlkerhesad e nt B

a certain scenario is noseful forother types of thecenarios
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Table36. Acceptablefield and Unacceptabifield Determination by Inference Ability Test

Model Name Trgigmgi,?gahapzuprggjz Tesliilr?;t %Eg&p #2 Inference Ability
B _fl1_ext 105 [105%] 140% Unacceptable
B_fll_ext_105_120 [105% ~ 120%] 140% Acceptable
B fll_ext 105 135 [105% ~ 130%] 140% Acceptable
B_fll_ext_120 150 [120% ~ 150%] 110% Acceptable
B fl1_ext 135 150 [135% ~ 150%] 110% Acceptable
B fl1_ext 150 [150%] 110% Unacceptable

Table37. Example of Differenffield based on Inclusion Relationship between Transients

Number of Description
Head Event Pump #1 Pump #2
Transient A 1 Coast Down [0% ~ 45%] -
Transient B 2 Coast Down [50%)] Pump #2 Speed [105%150%]
Pump #2 Ramping up and dow
. 1staction: [50%]
0,
Transient C 4 Coast Down [50%)] 21 action: [80% ~ 120%]
39 action: [80% ~ 120%]
Different-field Transient A and B Transients A and C Transients B and C
Common Eventy Pump #1 Coast Down | Pump #1Coast Down Pump #1 (_:oast Down
Ramping up
Details i
in Common - - Pump #1 Final Speed

Both the range and various types of head events are considerable factors to generate the
training data. There are two options to solve the diffefielt modelissue for SSF inference. The
first one is developing an integrated model by training all the data in one model. The other one is
that the head event, such as component failure or success, is identified before selecting the
diagnosis module. In the Ajuided diagnosis system information flow, the component state
signals would be extracted to identify the SSC availability. Then, it can also be used to identify
the head event to convey the information to the operator for deciding which SSFIM would be
selectedo properly diagnose the plant damage state. Figure 60 illustrates suggested information

flow to select the diagnosis module.
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Component States
Present and Correct Component Signals
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Figure 60. Suggested Information Flow to Select the Diagnosis Module from the DMS-D Dlass

6.3.RNN Capabilities for Advanced Tasks

6.3.1. Potential Usage for Dominant Event Identification

Through case study 3, the MLased SSFI M6és <capability
inferred information range in aspect of balfagnosis coveragend timespan The ML-based
inference model may support the development of agulddled management and contsgktem
or another Mkbased diagnosis model by providing the necessary virtual environment or
information.

The ML-based inference model offgthe mapping data to identify the abnormal physical
phenomena in the reactor system. Previously, CNN applicatidiagnose the abnormal status in
the LWR system has been studi€tdie CNN classifies the abnormal conditions by the leakage of
coolant and charging line according to the fsmmensional characteristic map4]. In the study,
6,720 analog datare used fomapping the data. Howevepractically, the sensors cannot be
installed all over the place in the systémtake a snapshot of the 6,720 physical variable data.
Therefore, the Mtbased inference model may be utilized to provide the inferred physical
variables to classify the event type depending on the abnormal physical Sthtes. A B_f | 1 0
infers temperatur es Bomed themcacerllastratetl in figord.Grmee s 0
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ML -based model is expected to provide a-tmensional physicalariable map to identify the
dominant event that causes the abnormal status (see figuid/iéh observations of only a part
of the information, the unobserved physical phenomena are mapped to analyze the transient or

accident progression
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Figure 61. Temperature Distribution in the Reactor System
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Figure 62. Suggestion for using the SSFIM to Provide Information to CNN

6.3.2. Potential Usage for Prognosis

The RNN is widely used to study theognosis based on temporal patterns and information.
One of the most popular fields to use the RNN is forecasting the stock price movement. By
connecting two LSTM models, one for a neural language model and the other for stock prediction,
an automated tiaing system is proposed. The system analyzes the information from news articles
about a company and predicts the probability of a direction of the stock price clagjgemhan
et al. use the RNN architecture to train the models on a dataset thaesclosing stock prices
and news articles of the Standard and Poor ds
model , which consist of prices, text ©polarity
are predictedd7]. The case study-3 extends the diagnosis sphere by proving the gbart (one
second later) forecasting ability of the Milased SSFIM. Based on the approach, even the farther
into the future could be predicted from the operation history and current measurement by using
anoher type of the RNN architecture. Figui@iustrates the manyo-one architecture used as a
basis of the MEbased SSFIM and ma#g-many architecture, which has a potential to be used as
a prognosis tool. In order to design the prognosis model based &*NN, there are two major

considerations:

V How t he model reflects the operatords acti
V How t he model contains the futurebds physic

Currently, in the NAMAC project, the progrissmodel based on dynamic recurrent

network with LSTM is being developed to predict the reactor states.
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Figure 63. Many-to-One Architecture (Left) and Martp-Many Architecture (Right)

6.4. Summary

The ML model i's not a fABl ack Boxinferstteut it
outputs by understanding the physical phenomena in the reactor based onhiyeranaics.In
the simulation code, the SSF is calculated based on the conservationrequdtibhe boundary
conditions, and related information, whereas, the SSF is inferred by the ML model, which is trained
by training data. The GOTHIC code supports the-bdised SSFIM to diagnose the plant states in
real time by providing the physical varialdata to train the ML algorithm. In conclusion, the-ML
based SSFIM is the knowledpased data driven model.

To develop the robust model, the normalized value of inputs is important in training the
ML algorithm. In the case study, the mass flowrateatpu #16s f |l ow path i s t
feature because the length of the change range during a transient is larger than any other variables
in a normalized scale because of reverse flow. On the other hand, the temperature is sensitive to
noise. Thus, to dggn the robust model in which the temperature is also included in the input data,
categorizing according to the locations is required for determining the upper bound and lower
bound in the normalization process.

The ML-based SSFIM has good inference &pilinless the extrapolated range is far from
the trained range. In transient B, within £ 20% of pump speed to the trained range is an acceptable
field to be covered by the Mbhased model to successfully infer the SSF. However, + 40% of
pump speed and tohaldifferent scenarios are unacceptable fields for the model. To prepare for
severecases, both the range and various types of scenarios are considerable factors in data
generation process. Also, the head event identification before selecting the diagodsie from

the DMS is highly recommended.
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By using the RNNOGs capability in -gudddor mat i
diagnosis system would be supported in various ways. Thdadked inference model would be
expected to be utilized to praleé a virtual environment to classify the abnormal status in the
reactor. Moreover, the RNN would be used asfthrelamental algorithm to predict the plant
damage state in the future. Surely, there are many challenges in developing the models, but the

experences from the development of SSFIM would be helpful to resolve them.
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CHAPTER 7. CONCLUSION

The Atrtificial Intelligence @AIl) guided diagnosis, the primary stage of tRearly
Autonomous Management and Cont/dAMAC ) system, aims to deliver the plant damage states
to the prognosis stage in reaahe. The outcome from the diagnosis should be accompanied by
accuracy and reliability because it provides the initial condition to both the prognosis and
oper at or ategy. accidentify the ptamt damage states, in the thesiSafety Significant
Factor GSH is introduced to represent the physical plant states as the inferred target from the
inputs of measurable physical variables inNfaehine LearningML ) basedSSFInference Model
(SSFIM). The SSFIM is a Mtbased, simulaticinformed datedriven, and realime diagnosis
model to be used as a part of theglided diagnosis model.

This chapter concludes the research work by summarizing the notable findings and
discussions from the case studies, emphasizing the contributions, and suggesting future work

related to this work.

7.1. Summary

The SSFIM based on thHeecurrent Neural NetworlR(NN) with Gated Recurrent Urst
(GRU) successfully infer th€uel CenterlineRCL) andCladding(CL) temperatures from a few
measurable physical variable data. The RNN is confiraseth appropriate algorithm for dealing
with the longterm time series data during transient, and the importance lefttméing ratescheme
to train the MLalgorithm is enhanced. By using the algorithm and scheduler, tHedgkd SSFIM
shows the successful model performance within 1% which is accuracy as good as the thermocouple
in the FCL even though the random noises are included in the dataset. Thepartatehance
depends on not the number of inputs but the type of variables. The most powerful variable is the
mass flow rate at pump #106s flow path because
widest range length owing to the reverse flow.

The RNN proves its capability by allowing the Mhased inference model to extend the
diagnosigange in the aspect of batbhverageand timespan The adapted Mibased SSFIM infers
temperature distribution in the reactor syste

capability enables the model to be the fattteanreattime diagnosis model by successfully
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predicting the one second laterS F . Both case studiesd results
broadened.

Through the estimation of I nference abili
solutions to compensate for the shortcomings are evaluated. THm84d model is able tofer
the SSF by using the extrapolation in an acceptable field. But, in the case of an unacceptable field
and the different field extrapolati on, bot h t
to cover the extreme scenarios in the trainingsktt from the deterministic therrdaldraulic
code.

The ML model does not calculate the SSF by using the thdmwdahulics in the reactor
system but infer the SSF by training the algorithm with the data from thesteéstite code. The
simulation code habeen used to analyze the safety and operating analysis, but data generation to
support the Mtbased model is added as one of the purposes. In conclusion, thaddd SSFIM

is a knowledgéased datariven ML-based Inference model

7.2. Contribution

Themajor contributions of the thesis are as follows:

1) Al-guided diagnosis model is suggested as a primary stage of the NAMAC system. The
NAMAC system is expected to transfer the hursantric plant control system to an-Al
guided control system faeducing human error and recommending optimized action after
safety challengein the plant. Since the diagnosis is the first and fundamental stage in the
system, informative data should be forwarded to following stages, such as prognosis and
strategy planing, for applying the initial conditiond'he Al-guided diagnosis transforms
the raw incoming dataset from the actual reactor to physical plant damage state, dominant
event, andStructures, Systems, and Compone{8$Q availability. Digital twin is
introduced to store information, data, and diagnosis modules to be used in the NAMAC
systembs operation. According to the trans
selected by the operatords decision tthat i
workflow. The diagnosis engine calls the modules fronXheDiagnosigDT-D) class to
carry out the objects. This high modular engine with operational workflow is proposed in

the research work.
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2) The robust MEkbased SSFIM is developed to be a part ofAhguided diagnosis model.
This thesis focuses on developing the dised model to identify the physical plant
damage state in the Ajuided diagnosis model. By using the only one physical variable,
the SSF is reasonably inferred despite the 5% of ranuwse from the measurement.
Moreover, the MEbased inference model proves its capability by mapping the temperature
distribution in the reactor system to support another diagnosis module of which the

objective is identifying the dominant event for theghlided diagnosis model.

3) The ML-based model is analyzed to provide the remarks in development. The RNN
algorithm recognizes not the tirgependent physical variables but the trends of the input
variables. In other words, data preprocessing is a critieplistthe development of the
ML model. There are several suggestions on how to improve thd Mls ed SSFI M6
performance.

V Reduce the sensor noise from the measurement devices

V Subdivide the physical variables in accordance with characteristics for the
normdization process

V Generate a large amount of training data to cover the wide range and various types of
scenarios

V Identify the head event before selecting the diagnosis modules of the SSFIM or develop

the integrated model trained on all types of the stena

4) The ML-based model is not limited to infer the plant damage states, but it offers diverse
potentials to another ML field. As mentioned above, mapping the unobservable physical
phenomena in the reactor system would provide the virtual environmettt shised to
classify the dominant event in transient. Also, the RNN would be useful ML algorithm for

the prognosis.

7.3. Recommendations for Future Work

As discussed in previous chapters and assumptions, future tasks would be classified into
two parts:

1) Improvement of the Abuided Diagnosis Model
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o In chapter 3, we have assumed that other technical functions of tbeided
diagnosis model are fulfilled. Since one of the functions is accomplished,
identification of the dominant event will be achievedheTML-based inference
model would support the testing of the-@uided diagnosis model.

o Another assumption is that incoming datasets are intact and correct. However, the
False Sensory Data Detection Mod&SPDM) is introduced in the initial
configurationof the diagnosis engine. Development of the FSDDM would be
necessary to improve the uided diagnosis model.

2) Improvement of the Mibased SSFIM

o Only the random error is assumed as the measurement error. To infer the SSF
despite the false signals, a moobust model should be developed. It can start to
answer the following questions:

V How many correct physical variables are required when a false signal is
included in the input dataset?
V What type of bias is the most aggressive false signal in whighdbel can
still infer the SSF?
o0 As mentioned above, sensitivity study for normalization would improve the model

performance in inferring the SSF.

With these recommendations, an advanced and improwgdidéd diagnosis model will
be developed as a paftthe NAMAC system.
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APPENDIX A. RECURRENT NEURAL NETWORK MODULES

In thisappendix the details of deep neural network and advanced modules of the RNN are

described.

A.l. Deep Neural Network

Since the DNN has multiple hidden layers, there are more numbers of model parameters,
which would be updated by backpropagation, than singleshitiyer neural network (see figure
64). Deep learning has evolved by overcoming its weaknesses through -@adtjagechniques.
Gradient descent is not available in the DNN, because differentiation is not possible owing to
multi-hidden layers. Therefordackpropagation is used to update the weights in the network.
However, as the number of layers increase, vanishing gradient, in which calculated error dissipates
during backpropagation, happens. Vanishing gradient is caused by the activation function, for
which differential value is small (maximum value=0.25), such as the tanh or sigmoid fubgtion [
The Rectified Linear Unit (ReLU) function is introduced to assure weight update even in the deep

network.Figure65 shows theReLU function that isdescribed by following equation.

mTmQEL T
WQEw T

Y & (30)

Input Layer Hidden Layer Qutput Layer

Figure 64. Deep Neural Network
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Figure 65. ReLU Function

Another problem of the DNN is owitting, which causes thelecline of inference
capability. The dropout algorithm is one of the regularizations used to reducétiivgrby
omitting several neurons in the netwoB8]. By deleting connections in accordance with the
dropout probability, the DNN ienforced to not memorize specifics in the datasets. As illustrated
in the figure66, the activations of the dropped neuron is zero. The DNN is growing rapidly by
virtue of computing power based on the Graphics Processing Unit (GPU), advanced tools, and

dewelopment environment.

Figure 66. Dropout Model: A Standard Neural Net (Left) and An Example of Dropout Method in the
Network (Right)

A.2. LSTM and GRU Modules

Since the RNN can be counted as DNN by converting into the unfolded time step, updating
the parameters (U, V, and W), which are shared in the RNN, may result in the vanishing gradient
problem during backpropagation. Hence, besides using the RelLU furati@special unit such
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