
ABSTRACT

FUSTERO, JOSEPH GERARD. Multifidelity Methodologies for Nuclear Fuel Thermal Feedback.
(Under the direction of Maria Avramova and Gregory Delipei).

The recent advancements in nuclear reactor multi-physics modeling and simulation

(M&S) has lead to high fidelity three-dimensional (3D) heterogeneous computation capabil-

ities. Although, this is impressive, their applicability to safety analysis and more specifically

for uncertainty quantification studies is limited due to the high computational cost. For such

studies, repeated multi-physics calculations typically couple dedicated neutronics and ther-

mal hydraulics codes, with low-order models for the fuel thermomechanics physics present

within the thermal hydraulic code. Neutronics and fuel thermomechanics are coupled

as the power distribution predicted by the neutronics code determines the fuel tempera-

ture distribution and the fuel temperature provides thermal feedback that determines the

neutron cross sections used in the neutronics code. The pellet-clad gap conductance has

significant effects on the fuel temperature and thus it is desirable that the low-order models

for these aspects within the thermal hydraulics code capture most of the details predicted

by high-fidelity dedicated fuel performance codes while maintaining the computational

expense of a low-order model.

In this work, two main developments have been carried out which use high-fidelty

single fuel rod thermomechanics codes (BISON or FRAPCON) in order to inform low-order

gap conductance model present in the CTF/CTFFuel thermal hydraulics/thermal feedback

code.

First, parametric tables for the gap conductance have been developed for quasi steady-

state depletion. Previous efforts in this area only considered the effect of cumulative energy

extraction (burnup) due to the power history and did not consider the effect of the power

history path dependence on the gap conductance. Here, novel parametric tables have been

developed which account for historical effects. These tables, even when coarsely discretized,

result in an improved prediction in the fuel temperature (especially the fuel surface temper-

ature) compared to a finely discretized parametric table which ignore the effect of the path

dependence of the power history on the gap conductance. Additionally, these tables have

been supplied with the uncertainty in the gap conductance, that propagated consistently

the uncertainties from the high fidelity code. This approach has proven to reduce the error

in the fuel surface temperature prediction and allow the propagation of high fidelity fuel



performance input uncertainties to safety outputs of interest.

Second, a high-fidelity low-order model of the gap conductance during Reactivity Initi-

ated Accidents (RIAs) initiated from both hot zero power (HZP) as well as hot full power

(HFP) conditions has been developed. The PARCS neutronics code was used to generate a

set of representative RIA power pulses (both prompt sub critical and prompt super critical).

The power pulses are imposed as boundary conditions in BISON for various fuel states to

generate training data for a low-order gap conductance model to be implemented into

CTF/CTFFuel. Various surrogate modes have been trained which achieve acceptable cross-

validation for both HZP and HFP; however, the models for HZP still maintain structural

local errors for some sets of cases. Further efforts must compare the obtained models

with models built-in to CTF/CTFFuel (constant-valued and dynamic gap conductance

modeling) both in terms of prediction of the gap conductance as well as the fuel surface

temperature.

The final outcome of this thesis is the development of fuel performance Hi2Lo ap-

proaches for the gap conductance that can propagate high fidelity input uncertainties. Two

different Hi2Lo models were developed within CTFFuel for depletion and RIA conditions.

Future work will focus on combining the two models and on expanding their domain of

validity by covering more transient conditions.
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DEDICATION

I hate these things.

In comedy, there are solutions to the problem of causing offense. Either make fun of

everyone, or just make fun of yourself. I am quite afraid that there are no such solutions

to dedications. The dedication becomes a competition, just like being selected as the

best man at s friend’s wedding. Someone is going to feel excluded. And this is why in the

acknowledgments section, I basically list everyone, but not really because in my mind I

created an invisible rule that the acknowledgements section was for acknowledging support

I received professionally while the dedication section would be more personal.

That sort of compartmentalization between the personal and professional. Isn’t it funny,

the mythologies that we humans develop to tell the stories of our lives? A common motif

would be for me to dedicate this space to the love of my life. Unfortunately, the last woman

I truly loved, explained to me, “no one knows how to interact with you . . . your behavior just

isn’t believable . . . it seems as if everything you do is all about getting attention for yourself”.

And the entire time, I had believed she was someone who I felt safe around, someone with

whom I could drop the mask and be my authentic self. And of course, history repeats itself,

and just earlier this year, I tried dating again for the first time since before the pandemic,

and during the “talking” stage I am told that we just have “communication styles that are

too different” when once again I had only begun to feel safe. Of course, in history many

men have had a muse who inspired them from afar. Unfortunately (again), my last celebrity

crush just got married to a man much taller and better looking than myself and thus she is

my muse no longer.

In the same way in which two people can watch the same news and see different things,

one person can see things differently with the passage of time. When I dedicated my master’s

thesis to Michael Crichton, it was because Jurassic Park is my favorite book and his writing

overall inspired me to pursue a career in science and engineering. Or is that the story I tell

myself, and is told in a different way every time? There were other influences to be sure-the

NOVA special, “The Elegant Universe”, was certainly also a favorite of mine. And I did later

take upper-level undergraduate electromagnetism with one of the experts interviewed, Dr.

Jim Gates. Unfortunately, there’s no great story to tell there. That was during a time I would

sleep all day, after the worst year of life. Maybe shortly after graduating from the University

of Maryland, I would’ve tried to tell you a story, about what I wish would’ve happened in
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that class, but now, I won’t. I am a manchild who was born a broken heart and found a

way for his heart to be broken again. Such dramatic writing . . . can you tell these days

my appreciation for Michael Crichton extends to how he found success in such disparate

(medical school and early adoption of computers in contrast opposed to writing) fields. As

for Michael Crichton’s story, he died the night Obama was first elected President.

If you’ve read this far, then I feel I owe it to you to tell you a story. Ok, fine. When I

was sixteen I was at the Barnes and Noble on Rockville Pike, looking at a book on college

majors. I knew that I was interested a bit of everything in science and engineering but had

a particular interest in nuclear physics. I also wanted to make money (engineers get paid

much more than physicists or other scientists) because I thought at some point I would

have a family of my own, so I made the decision right then and there I would major in

engineering physics/nuclear engineering. Shortly afterwards, I told my physics teacher

this. The class erupts in nervous laughter: “Fustero isn’t thinking of making a bomb, is he?”

And the teacher looked at me and asked, “you are for serious, then?” And I said I was and

he said, “well, I think that’s really great then”. I have not seen this teacher since I shook his

hand at my high school graduation, I’m sorry but again I have pulled the rug.

Bombs. Can I tell you something? Part of this whole decision to become a nuclear

engineer was really just trolling. So you see, that goes back to the beginning of all of this,

where the love of my life told me everything I do is just about getting attention for myself.

Anyways, there’s a community-Garrett Park, near where I grew up in Montgomery County. In

the early 1980s they designated themselves as a nuclear free zone and driving up Strathmore

Avenue from Kensington, you can see the sign. It might be vandalized right now, with the

“Free” crossed out, it, might not be. You’ll have to open the refrigerator to see if that cat is

still alive or not. Anyways, part of all of this was seeing the hypocrisy of the Green Left in

opposing nuclear power and showing them up.

To the conservatives reading this-sorry, but I am not one of you. I just like to stir the pot

after reading the temperature in the room, (OK, so she saw the red flags correctly) and I

happened to grow up in a place where over 90% vote for the Democrats. To avoid any further

offense, I’ll just say that these days I am slightly more to the left than to the right. That’s

the most milquetoast detail about me. Back to the bombs-something I have really enjoyed

during my PhD studies has been having had the opportunity to visit many historical places

(at the national labs and also places like Site A/Plot M and the B Reactor) associated with

the making of the bomb. It has given me a lot of motivation to study history and the stories

we tell ourselves. And now I am thinking, after graduation, of going to Los Angeles, to be
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where my Japanese relatives (there are people who would tell you that I am a bad person

for being a nuclear engineer, given my Japanese ancestry) were, when the war started. And

with the beginning of the Russo-Ukraine War earlier this year, I continue to think about the

mythologies which have evolved around the war.

I suppose to tie all of this up, I’d like to return to close to the beginning of my graduate

studies (back when I was young, I am now 30 years old), and regal you with a story [1] told

to me back then, which is much more cohesive than my own: “Look, having nuclear — my

uncle was a great professor and scientist and engineer, Dr. John Trump at MIT; good genes,

very good genes, OK, very smart, the Wharton School of Finance, very good, very smart

— you know, if you’re a conservative Republican, if I were a liberal, if, like, OK, if I ran as a

liberal Democrat, they would say I’m one of the smartest people anywhere in the world —

it’s true! — but when you’re a conservative Republican they try — oh, do they do a number

— that’s why I always start off: Went to Wharton, was a good student, went there, went there,

did this, built a fortune — you know I have to give my like credentials all the time, because

we’re a little disadvantaged — but you look at the nuclear deal, the thing that really bothers

me — it would have been so easy, and it’s not as important as these lives are — nuclear

is so powerful; my uncle explained that to me many, many years ago, the power and that

was 35 years ago; he would explain the power of what’s going to happen and he was right,

who would have thought? — but when you look at what’s going on with the four prisoners

— now it used to be three, now it’s four — but when it was three and even now, I would

have said it’s all in the messenger; fellas, and it is fellas because, you know, they don’t, they

haven’t figured that the women are smarter right now than the men, so, you know, it’s gonna

take them about another 150 years — but the Persians are great negotiators, the Iranians

are great negotiators, so, and they, they just killed, they just killed us, this is horrible.”

Ah, such beautiful, beautiful words! Clearly, I have much work to do here.
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CHAPTER

1

INTRODUCTION

1.1 Multiphysics Modeling

The core of a nuclear reactor is highly complex environment. The core is composed of

several discrete coplanar structures: a typical pressurized water reactor contains between

150-250 fuel assemblies, each of these fuel assemblies contains hundreds of fuel rods, and

each of these fuel rods is composed of a stack of uranium fuel pellets. Neutron activity leads

to heat generation in these fuel pellets and the heat �ows radially out of fuel rod in the

coolant. The coolant both cools the fuel, preventing it from melting, while also carrying the

stored heat to be converted to electricity at locations in the reactor, outside of the core. The

reactor core is then described with the physics of: neutronics, fuel thermomechanics, and

thermal hydraulics as well other physics such as chemistry interactions between the fuel

cladding and coolant and structural mechanics details such as �ow-induced vibrations [4].

The three main physics (as shown in Figure 1.1) which describe the reactor core are

coupled to each other. Neutron cross sections are dependent upon the fuel and moderator

temperature as well as the moderator density. Fuel temperature impacts the cross-sections
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through the Doppler feedback effect, where a higher temperature leads to larger absorption

cross-section and thus a decrease in reactivity. Moderator temperature and density impact

the cross-sections by modifying the neutron moderation to the thermal energies where

�ssion is more probable. The power distribution in the reactor is determined by the neu-

tronics prediction of the �ssion rate of 235U.The power distribution in turn determines the

fuel temperature distribution. In general, there are two coupling strategies for multiphyiscs

problems. In the �rst (operator splitting), each monodisciplinary physics is solved with its

solution passed as a boundary condition to the next. This process repeats until all of the

outputs of interest (typically fuel and moderator temperature, moderator density, the power

distribution and the k-eigenvalue, which is the ratio of the rate of neutron production to

the rate of neutron loss). A more modern approach would be a simultaneous solve of all

of the physics at once. This requires implicit methods as the outputs of interest are not

used as boundary conditions [5]. While there is movement towards implicit solvers (such

as the Jacobian-Free Newton Krylov methods used in MOOSE) [6], explicit methods also

are still in wide usage the advantage implicit methods have over explicit methods is highly

conditional and during methodology development, explicit methods are much easier to

code and thus are often implemented in early stages of methodology development [7].

Figure 1.1: Multiphysics coupling, as de�ned in OECD-NEA UAM benchmark [2].
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1.2 Multi�delity Modeling

Computer simulations of physics optimize between computational expense and accuracy.

Simulation of models which include more details about the physics, or a �ner discretiza-

tion of the problem geometry [8] result in a simulation output closer to reality but usually

at higher computational cost. For nuclear reactor applications, for example, the spatial

mesh may be discretized at the level of assemblies, the level of fuel rods, or at the level of

individual fuel pellets. However, simulations which model a greater number of physical

phenomena and seek to determine output details at a very �ne spatial and / or temporal

scale will require much more computational resources. The goal of the modeler should be

to minimize computational expense while preserving enough physics details. For thermal

hydraulics, system codes model not just the reactor core but all primary and secondary

systems. Subchannel codes model the reactor core at the level of pin-cells and compu-

tational �uid dynamics models detailed �ow features within subchannels such as �ow

through spacer grids (which support the structural integrity of the fuel assembly). For fuel

thermomechanics, density functional theory and then molecular dynamics at a �ner scale

model materials at an atomistic level, mesoscale codes model material microstructure [9]

and fuel performance codes entire fuel rods. For neutronics, Monte Carlo codes represent

a �rst-principles approach [10], while (in decreasing �delity) the method of characteristics,

nodal methods, and coarse mesh �nite difference represent deterministic approaches.

Traditional methodologies for modeling the nuclear reactor core sought to (1) maintain

computational feasibility when utilizing a limited level of high performance computing

resources and (2) treat uncertainties by making modeling assumptions erring on the side of

conservativeness. Rather than seek to optimize between cost and safety, safety is maximized

at any cost. However, as the quantity and performance of computing resources continues to

increase, the ability to simulate the reactor core physics at higher levels of detail continues

to increase [11]. Thus, the new paradigm of computational science for nuclear reactor

engineering is obtain best estimates of the quantities of interest and their corresponding

uncertainties. Nuclear energy struggles to be competitive due to the large capital costs in

part incurred due to modeling conservativeness which leads to overengineering and cost

overruns. Thus, there is great economic incentive to simulate higher-�delity models [12].

High-�delity simulations, alongside mass production strategies (such as standardization of

small modular reactors) and applying advancements in materials science are all measures

which seek to make nuclear energy competitive with fossil fuels and renewable energy [13].
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The aerospace industry in the US has found success implementing similar measures; that

the nuclear industry similarly has a large public sector and an Overton window of public

discussion focused primarily on safety does not mean that the industry would be inherently

unpro�table.

The quanti�cation of the uncertainty of simulation outputs as a function of the uncer-

tainty in simulation inputs has been a subject of strong interest for safety analyses. Methods

for uncertainty quanti�cation of simulation outputs typically require perturbing uncertain

inputs and then performing a large number of code evaluations. Thus, while it may be

feasible to perform a single very high-�delity simulation [14], repeated evaluations of at that

level of �delity would have an unacceptable computational expense. Thus, for uncertainty

quanti�cation, simulations must make use of at least some lower-�delity models. This

motivates the development of high to low �delity information schemes.

1.3 Thermal Feedback

A commonly used approach in multiphysics core modeling is to couple neutronics and

thermal hydraulics codes while not coupling a dedicated fuel performance code to simulate

each fuel rod model. Instead, the fuel performance physics is modeled by the introduction

of low-order thermal solver which accounts for the fuel performance physics, within the

thermal hydraulics code. Within this thermal hydraulics code, complex details about the

fuel state are not known. This is critical as the fuel thermal conductivity as well as the gap

conductance between the fuel pellets and the fuel cladding are highly in�uential upon both

of the fuel centerline temperature (a metric critical to safety-this temperature must remain

below the melting temperature) and the fuel surface temperature. Both of the fuel centerline

temperature and fuel surface temperature contribute to the fuel thermal feedback and

single-value fuel temperatures representing the entire pin are often linear combinations

of them, such as the Rowlands temperature. Both of the fuel thermal conductivity as well

as the gap conductance are dependent upon the fuel state (typically represented by the

burnup, which is a measure of cumulative energy extraction). The burnup can be provided

as a boundary condition or calculated from the neutronics code after a series of snapshot

multiphysics calculations (depletion calculation).

For steady-state and quasi steady-state calculations, low-order models of the gap con-

ductance have been implemented in thermal-hydraulic subchannel, thermal hydraulic
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system, and core simulator codes. These low order models intend to (without directly mod-

eling as in a dedicated fuel performance code) capture a set of complex physics including

�ssion gas release, pellet-cladding mechanical interaction and cladding creep which are

highly in�uential upon the gap conductance. These low-order models typically assume

either a constant value for the gap conductance or that that gap conductance is depen-

dent on both instantaneous as well as integral (fuel state) effects. Either the linear heat

generation rate or a fuel temperature accounts for the instantaneous effect while the bur-

nup accounts for the fuel state. This model has been applied to a wide variety of reactor

types [15; 16] The SIMULATE core simulator code even runs a coupled calculation using

INTERPIN or models the gap conductance as a function of both of the fuel temperature

and the burnup (from parametric tables) [17] while the PARCS core simulator code models

the gap conductance as a user-de�ned constant for each fuel assembly design [18]. The

ARTEMIS core simulator is unusual in that it incorporates a third parameter (the cladding

temperature) into gap conductance parametric tables while already including another

parameter (fuel temperature) which accounts for instantaneous effects. This is unusual

because during quasi steady-state operations, all of the fuel and cladding temperatures are

highly correlated. The CTF subchannel code allows for a user-de�ned constant gap con-

ductance, user-de�ned axially dependent gap conductance or a dynamic gap conductance

model [19], and previously parametric tables (linear heat generation rate, burnup) have

been implemented [20].

For transient calculations, the more common approach is to couple thermal-hydraulic

and fuel performance codes rather than to implement low-order models. For a single

pin-cell study, the TRABCO subchannel code has been coupled with FRAPTRAN for re-

activity initiated accidents (RIA) simulations [21]. The same strategy has been tested for

BISON coupled with CTF (as a part of the VERA-CS core simulator suite) and similarly with

TRANSURANUS and SUBCHANFLOW[22]. Low-order models of the gap conductance are

often inaccurate For PARCS transient full-core calculations, the gap conductance is still

constant-valued for each fuel assembly design. Studies of a pin-cell with standalone (no

coupling) CTF have made use of both constant-valued as well as dynamic gap conductance

models [23]. Similarly, a dynamic gap conductance model has been implemented into the

system code TRACE and used during LOCA simulations [24]. Similarly, BISON has been

coupled with TRACE with LOCA simulations []. Full core calculations with coupling of

pin-cell level neutronics and fuel performance and subchannel level thermal hydraulics

have been performed [14] but many repeated evaluations are not currently feasible for the
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purpose of uncertainty quanti�cation.

1.4 Motivation

This dissertation aims to provide methodologies for developing low �delity models for

implementation into thermal feedback codes (or thermal feedback modules of thermal

hydraulics codes). The thermal feedback code studied here is CTFFuel, which is the in-

dependent fuel solver of the CTF subchannel code. These models should make use only

of inputs available to the low �delity code that will most likely be the reactor power and

temperature distributions. Successful model generation will result in low-order models

which preserve their low computational expense while mimicking the behavior (�delity) of

higher-order models which directly model all complex physics phenomena. The challenge

of such high to low �delity approaches is not only related to the approximation of the

high �delity code predictions but also to the consistent propagation of the uncertainty.

In this work both aspects will addressed for steady state and transient fuel performance

calculations. More speci�cally, the gap conductance is considered as the quantity of focus

for the high to low approaches. This is because the gap conductance is a predicted quan-

tity by the high �delity fuel performance codes resulting from various complex thermal,

mechanical and physico-chemical phenomena. The gap conductance then becomes an

input for CTFFuel with its associated uncertainty due to the high �delity phenomena. And

as CTFFuel is a part of CTF, this improves multiphysics coupling strategies which use CTF

and a neutronics code such as PARCS [25].

In the following chapters more background details are provided. Chapter 2 describes

how fuel rods in general are manufactured and how they relate to other reactor core com-

ponents. It also relates the typical physical processes contributing to the pellet-clad gap

conductance and how these physical phenomena are accounted for in typical fuel per-

formance codes (FRAPCON [26], BISON [27], CTF/ CTFFuel [28]). Lastly, a comparison of

FRAPCON and BISON takes place to justify the use of FRAPCON as a surrogate for BISON

in sensitivity analysis.

Next, Chapter 3 describes the methods from uncertainty quanti�cation and sensitivity

analysis which will be used throughout this dissertation.

The next several chapters relate to the developments carried out in this thesis. Chapter

4 discusses the proposed methodology called UTAB for informing the gap conductance in
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depletion calculations and a consistent uncertainty propagation approach. UTAB is then

discussed and implemented for the gap conductance parameterized with two variables

in accordance to the state-of-the-art: linear heat generation rate LH G R and burnup Bu.

Next, Chapter 5 discusses the inaccuracies in the traditional approach of creating lookup

tables for the gap conductance parameterized by LH G R and Bu. A novel lookup table,

with a third parameter, is proposed for time-varying power histories and this table is shown

to result in more accurate predictions of the gap conductance and Doppler temperature

compared to traditional lookup tables.

Next, Chapter 6 discusses the proposed methodology for informing the gap conduc-

tance during RIAs (specially, rod ejection accidents in PWRs) using the neutronics code

PARCS to simulate the power evolution during RIAs. A database of different RIAs power

evolution's were generated and used as inputs to BISON. As low �delity gap conductance

models, preliminary machine learning models have been proposed which treat these BISON

simulations as training data for purpose of implementation in CTF / CTFFuel.

The dissertation document ends with Chapter 7 in which future extensions and addi-

tions to the work are discussed. One the proposed directions for further research is discussed

in Appendix C discusses the importance of the fuel thermal conductivity model and the

experimental data sets from which which model parameter calibration may be performed.
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CHAPTER

2

FUEL THERMOMECHANICS PHYSICS

BACKGROUND

2.1 Fuel Rod Manufacturing

Nuclear fuel inside of the reactor core is organized into a series of discrete arrangements.

UO2 or MOX powder is sintered into a cylindrical pellet. The �nished pellet should have

a degree of porosity. It is necessary that the pellet be able to densify instead of swell at

low burnup. At the same time, a pellet manufactured with too much porosity has a lower

thermal conductivity, reducing the ability of the fuel pellet to be cooled. An optimization of

these two behaviors typically results in the manufacturing of fuel pellets with theoretical

densities close to 95% [29]. The fuel pellet and cladding deformations result in a pellet

cladding mechanical interaction (PCMI) half way through the fuel rod life. Pellet swelling

can lead to nonuniform compressive stresses during PCMI which is highly unfavorable.

For this reason, pellets are dished and chamfered so that after swelling occurs at a higher

burnup late in the life cycle of the fuel, the PCMI should be more uniform. Manufacturing
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of fuel pellets is typically fairly precise; the tolerance in the fuel pellet radius is very low.

However, the pellets will have characteristic surface roughness, or deviation in the direction

normal to the pellet surface. Typical values for the pellet surface roughness range between

1� 10� 6 m to 4� 10� 6 m. The last item to consider in consider in pellet manufacturing is the

grain size. Grain size is highly in�uential on determining �ssion gas release behavior [30].

Pellets are stacked axially within zirconium-based cladding tubing. In order to keep the

pellets aligned, a compressive spring force between one end (the one pointing upwards out

of the top of the reactor) of the cladding and the top fuel pellet is used. In some designs,

they may also be a spring placed in the bottom of the tubing in order to place a compressive

force between the bottom of the tubing and the bottom fuel pellet. There will be space

between the top pellet and the interior of the top of the tubing (i.e. the upper cold plenum)

as well as space between the sides of the pellets and the radial interior of the cladding. This

gap allows for the release of �ssion gases and fuel swelling during irradiation of the fuel. If

the radial gap is not uniform (eccentric loading) then high compressive stresses can occur

in the pellets. At the beginning of life however, this gap is �lled with an inert gas, typically

chosen to be either helium or sometimes argon. These gases have been selected for their

excellent thermal conductivity which will allow for cooling of the fuel pellets. Typical values

for the �ll gas pressure are between 1.5 MPa to 2.0 MPa [31].

Selection of the cladding tubing material for Light Water Reactors (LWRs) is usually

either Zircaloy-2 for Boiling Water Reactors (BWRs) or Zircaloy-4 for Pressurized Water

Reactors (PWRs). Pure zirconium is not an appropriate solution because cladding materials

require a combination of properties such as good mechanical strength, thermal conductiv-

ity, corrosion resistance, radiation resistance and a low thermal neutron absorption cross

section. Like the exterior of the fuel pellet, the cladding interior surface roughness is of great

signi�cance in the case of PCMI. Typical values for the cladding inner surface roughness

run from 0.5 � 10� 6 m to 2.0 � 10� 6 m. The texture factor is another manufacturing process

effect. It has an effect on the axial strain due to irradiation. Typically, between 0 % to 25

% of Zircaloy basal poles are aligned in the axial poles [29]. Finally, cold working of the

Zircaloy must be considered. In this case, typical values range from 20 % to 80 %. Material

composition of the cladding is also of importance, besides the intended impurities used to

improve the performance of pure zirconium. During the manufacturing process, special

care is taken to minimize Zircaloy hydrogen content. Elevated initial hydrogen content of

Zircaloy results in hydriding taking place earlier in the lifetime of the fuel rod. However, it is

still expected for there to be between 10 ppm to 25 ppm at beginning of life [32] for Zircaloy
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cladding. However, for all of these material and manufacturing effects, it should be noted

that the history is kept proprietary by the manufacturers. While the �nal combined effects

of the manufacturing process may be measurable, the ordering of separate effects is not so

easily discernible outside of extensive reverse engineering efforts.

A typical PWR reactor core will contain 193 fuel assemblies. Each of these fuel assemblies

may be a 17 � 17 square lattice allowing for the insertion of 289 cylindrical rods of which 264

may be fuel rods (the others will allow for electronics instrumentation, control rods, bypass

�ow, etc.). The fuel rods are kept vertical by spacer grids, which prevent the fuel rods from

touching each other which would decrease core coolability. In any case, the fuel assemblies

will be placed in a manner that approximates a cylindrical core from an overhead view

of the core. Thus, the discrete structure of the fuel arrangement for 1000 MWe class PWR

reactors typically results in a core containing tens of thousands of fuel rods. These fuel

assemblies have nozzles at their bottoms and tops. Water runs upwards from the bottom to

the top of the core, passing through the assemblies. Water passing in-between assemblies

is known as bypass �ow. As water exiting the core is hotter than water entering the core,

cladding corrosion (which decreases the cladding ductility) at the top of the core takes

place at a faster rate. For PWRs the typical inlet bulk coolant �ow has a pressure of 15.5

MPa and a temperature of 550 K [2].

2.2 Gap Conductance Physics

The gap between the fuel pellet outer surface and the cladding inner surface is an important

design element in oxide nuclear fuel rods. Heat is transferred radially from the fuel pellet

through the gap, to the cladding and then into the coolant. Understanding the various

physical processes occurring at different life stages of the fuel rod is important for the gap

conductance behavior in time.

The gap conductance ( Hg ap ) has three major constituents as shown in Equation 2.1:

radiative heat transfer from the fuel pellet outer surface ( H r ), conduction through the

gas (Hg ) and conduction due to solid-solid contact ( Hs). Convective heat transfer is not

considered a signi�cant component of the gap conductance. Additionally, while the gap

is open, there is no conduction due to solid-solid contact between the fuel pellet outer

surface and the cladding inner surface. Lastly, the radiative heat transfer is dependent upon

each in�nitesimal area on the fuel rod outer surface to “view” an in�nitesimal area on the
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cladding inner surface.

Hg ap = H r + Hg + Hs (2.1)

An accurate analysis of the gap conductance requires knowledge of (1) the evolution of

the gas gap geometry due to deformations of the fuel pellet and cladding (2) the evolution

of the composition of the gas gap through �ssion gas release and (3) the formation and

evolution of the interfacial pressure between the fuel pellet outer surface and cladding

inner surface due to PCMI.

2.2.1 Depletion Phenomena

The fuel thermal conductivity is typically believed to be burnup-dependent. Thus, as the

fuel thermal conductivity degrades with increasing burnup and for constant power and

geometry, the temperature of the fuel and thus its thermal expansion will increase.

The cladding thermal conductivity is not believed to be in�uenced by burnup. However,

as the fuel thermal conductivity degrades, the temperature of the fuel and the cladding

rises. This causes cladding thermal expansion to occur.

The fuel responds to irradiation by either densi�cation (beginning-of-life, typically up

to 5G W d
M T ) or swelling due to the build up of �ssion gas products [26]. These mechanisms

results in a larger gap or small gap, respectively.

The cladding is not typically susceptible to irradiation growth in the radial direction

due to the resultant texture factor in typical cladding manufacturing. However, cladding

creep due to thermal and irradiation effects does occur over the lifetime of the fuel rod and

is an important aspect for predicting accurately the PCMI.

The production and release of �ssion gases from the fuel into the gap results in a

degradation of the gas thermal conductivity. The internal pressure of the gas in the gap is

also increased by this process. The pressure of the gap gas as well as the waterside pressure

on the cladding outer side both impose mechanical stresses upon the cladding which

in�uence strongly the cladding deformation and thus the gap size.

2.2.2 Transient Phenomena

For PWRs, the RIA of concern is a rod ejection accident (REA) during either hot zero power

(HZP) or hot full power (HFP). REAs are described by physical phenomena occurring on
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multiple time scales which in�uence each gap conductance constituent: (1) gap width (2)

gap composition and (3) pellet-cladding conduction.

A REA may begin with the mechanical failure of a control rod, which results in reactivity

added and a resulting power pulse in the fuel pellet. During this power pulse, the pellet is

adiabatically heated (no leakage out of the pellet nor intra-pellet heat transfer). As the fuel

pellet temperature rapidly increases, if the gap is still open (typically lower Bu), the pellet

undergoes thermal expansion and the gap closes. Otherwise, if the gap is already closed

(typically higher Bu), thermal stresses are generated in the fuel and cladding. The process

of fuel swelling is much slower than fuel thermal expansion and thus typically plays no

role in the gap closure. However, later in the transient, fuel swelling can make a signi�cant

contribution to the PCMI. In any case, change in the gap conductance due to change in

the gap width is due primarily to fuel thermal expansion. A closed gap will result in a gap

conductance about ten times greater than the gap conductance when the gap is fully open

(fresh fuel state).

Next, during the process of a REA, the gap gas composition may change due to the

ejection of �ssion gases from the fuel pellet. First, while the fuel temperature increases

rapidly during a REA, this typically has no effect on the diffusion (a process controlled by

temperature) of �ssion gases out of the fuel pellet. This process occurs much more slowly

than the ejection of �ssion gases due to the fuel fragmentation. Fuel fragmentation is likely

to occur on the fuel pellet periphery and allows for essentially the instantaneous release of

�ssion gases to the gap. This burst release behavior is unique to transient scenarios. Fuel

pellet fragmentation is especially likely in the case of higher burnup fuel. The �ssion gases

most likely to escape during the process of fuel pellet fragmentation are Xe and Kr which

both contribute to the gas thermal conductivity degradation. Lastly, while during an RIA

power pulse, a large number of gamma rays are released from the fuel pellet, these do not

pollute the gap. Instead, these uniformly heat the cladding tube.

Finally, the various processes occurring during a REA in�uence the solid-solid conduc-

tion term of the gap conductance. First, as previously mentioned, gamma rays emitted

during an REA uniformly heat the cladding tube. This uniformly increases the ductility

of the cladding tube. Thus, the cladding tube is able to undergo higher stresses prior to

fracture. On the other hand, because the fuel pellet may fragment well before the onset

of PCMI, when the fuel and cladding and in contact, the pellet is less able to carry a load.

Additionally, while the slower processes of fuel swelling and �ssion gas diffusion do not

assist with gap closure, later in the transient they contribute to the compressive stresses in
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PCMI. Lastly, at higher burnup, the cladding may have already signi�cantly oxidized. Thus,

embrittlement of the cladding tube will have occurred irregardless of the increase in the

cladding temperature. Thus, for high compressive stresses, there is great risk the solid-solid

contact between the pellet and cladding will be lost as the cladding balloons or bursts. After

the cladding ruptures, fuel pellet fragments may escape into coolant [33; 34].

2.3 Fuel Performance Code Modeling

The fuel performance physics are typically modeled at an engineering scale with dedicated

codes that model most of the above-mentioned phenomena at different �delity. In this

work, as high �delity codes are considered FRAPCON, TRANSURANUS and BISON, while

CTFFuel is considered a low �delity code. This distinction is based on the gap conductance

modeling, where both FRAPCON and BISON have models to account for most of the

previously mention phenomena and compute the gap conductance. On the other hand,

CTFFuel has either a very simpli�ed dynamic model based mainly on thermal expansion or

uses user provided values. In this section different modeling aspects across all these codes

are discussed.

2.3.1 Radial Power Pro�le

FRAPCON 4.0 makes use of the TUBRNP model [35] for the radial power pro�le for both UO 2

as well as MOX fuels without gadolinium content. BISON uses as well the TUBRNP model.

TUBRNP is the radial power pro�le model originally developed for the TRANSURANUS fuel

performance code. Development of the model was motivated by the inability of another

radial power pro�le model, RADAR [36], to predict the in-pellet radial power pro�le at high

burnup. RADAR, while adding minimal computational expense, was found to be de�cient

due to only incorporating the 235U, 238U and 239Pu isotopes into the model. The TUBRNP

model also includes 240Pu, 241Pu and 242Pu. The TUBRNP time-dependent equations are

then:
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where:

Ni = Isotope Concentration

� a ,i = Absorption Microscopic Cross Section [c m 2]

� f ,i = Fission Microscopic Cross Section [c m 2]

� f ue l = Fuel Density [ g
c m3 ]

Bu = Burnup [G W d
M T ]

r = Radial Position [cm]

It should be noted that the TUBRNP model is not valid while there is still gadolinium

present in the fuel matrix. While there is gadolinium present, the radial power pro�le has

determined from data from the WIMS neutronics code for FRAPCON 4.0 and the HELIOS

code for BISON. After the gadolinium has been burnt, the TUBRNP model is re-activated.

Thus, in general, the TUBRNP model is convenient in that it allows for a boundary condition

to be set for a high variety of fuels without having to run a high-�delity radiation transport

code.

Comparison with other physics code have shown comparable results [37]. One impor-

tant difference between the radial power pro�les of UO 2 and MOX fuel types is that at lower

burnups, the power distribution in UO2 is more strongly peaked at the periphery; however,

at a burnup of about 30 G W d
M T the radial power pro�les become about equal.
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In CTFFuel, the axial and radial power distributions are used-de�ned. CTFFuel does not

have a way internally of computing the power but may be coupled with neutronics codes

which do (such as NEM [38]). BISON also allows for a user-de�ned radial power pro�le but

this option does not exist in FRAPCON 4.0. The addition of TUBRNP to CTFFuel is currently

under development.

In these studies, when comparing the results of implementing low-order models in

CTF/ CTFFuel against BISON/ FRAPCON reference calculations, it is desired that all models

other than the gap conductance are kept as consistent as possible. Thus the FRAPCON

(or BISON) reference calculations are used to inform the radial power pro�le (RPF) in

CTF/ CTFFuel.

2.3.2 Fuel Densi�cation and Swelling

BISON utilizes the ESCORE empirical model for fuel densi�cation and MATPRO models for

both of UO 2 and MOX fuel for swelling. The ESCORE model is based upon MATRPO models.

FRAPCON 4.0 also bases its fuel swelling and fuel densi�cation models upon MATPRO

models. CTF/ CTFFuel does not account for fuel densi�cation or swelling.

2.3.3 Cladding Creep

The FRAPCON 4.0 cladding creep model accounts for both of thermal and irradiation creep.

BISON models thermal and irradiation creep separately.

CTF/ CTFFuel does not model cladding or thermal irradiation creep by default. However,

CTF/ CTFFuel has the option to use either of the ESCORE or BISON models for the cladding

creep [19].

2.3.4 Fuel Thermal Conductivity

FRAPCON 4.0, BISON and CTFFuel all have available the Modi�ed NFI and Duriez-Ronchi

models for UO 2 and MOX fuel respectively. These are the models used all studies. Other

models such as Fink-Lucuta, Halden, etc. are also available but not used in this work.

The original thermal conductivity model developed by Nuclear Fuel Industries [39] was:

k95 =
1

A + BT + f (Bu) + g(Bu) + h (T )
+ C T 2 + D T 4 (2.3)
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where:

T = Temperature [K]

Bu = Burnup [G W d
M T ]

The correlation for pellets fabricated at a density (given as a fraction d ) other than 95%

is:

k = 1.0789k95
d

1+ 0.5(1 � d )
(2.4)

where:

d = Fractional Density

The fuel thermal conductivity relation was modi�ed to account for changes in both

phonon as well as electron contributions:

k95 =
1

A + BT + f (Bu) + (1 � 0.9e � 0.04Bu )g (Bu)h (T )
+

E

T 2
e � F

T (2.5)

Subsequently, account for gadolinium content [40] lead to the correction in Equation

2.6, Which is the �nal form of the Modi�ed NFI thermal conductivity model for UO 2 nuclear

fuel [41].

k95 =
1

A + a � g ad + BT + f (Bu) + (1 � 0.9e � 0.04B ) � g (Bu) � h (T )
+

E

T 2
e � F

T

a = 1.1599

A = 0.0452
m � K

W

B = 2.46� 10� 4 m � K 2

W

E = 3.5� 109 W � K

m

F = 16361K

(2.6)

where:

gad = Gadolinium Weight Fraction

The Duriez-Ronchi model (calibrated from experimental data from studies on MOX [42]

as well as high temperature UO 2 studies [43]), as stated in the material properties manual

for FRAPCON 4.0 and FRAPTRAN 2.0 is:
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k95 =
1

A(x ) + a � g ad + B(x )T + f (Bu) + (1 � 0.9e � 0.4Bu )g (Bu)h (T )
+

C

T 2
e � D

T

x = 2.00�
O

M

A(x ) = 2.85x + 0.035,
m � K

W

B(x ) = (2.86� 7.15x ) � 10� 4,
m

W

C = 1.689� 109 W � K

m

D = 13520K

(2.7)

where:

T = Temperature [K]

Bu = Burnup [G W d
M T ]

O
M = Oxygen-to-Metal Ratio

BISON and CTF/ CTFFuel have implemented very similiar versions of this model, with

some differences in parameter tuning.

2.3.5 Cladding Thermal Conductivity

FRAPCON computes the thermal conductivity from the MATPRO-11 model:

k = 7.51+ 0.0209T � 1.45� 10� 5T 2 + 7.67� 10� 9T 3 (2.8)

where:

T = Temperature [K]

BISON allows for a user-de�ned constant value (by default, 16 W
m � K ) for the cladding

thermal conductivity.

CTFFuel also makes use of the MATPRO-11 model.

The correlation is based upon a least squares �t to experimental data from a wide variety

of sources including both Zircaloy-2 as well as Zircaloy-4. It is speci�cally mentioned that a

wide variety of texture factors were included in the test Zircaloy samples. Seven sources

were utilized when developing this correlation. Further examination of the source reveals

that these experimental data come from a wide variety of sources.
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2.3.6 Fuel Thermal Expansion

FRAPCON 4.0, BISON, and CTF/ CTFFuel all model the fuel thermal expansion.

A typical expression found in all three codes for the fuel thermal expansion is given in

Equation 2.9.

� T = k1T + k2 + k3e �
ED
kT

k1 = 9.80� 10� 6K � 1

k2 = 2.7� 10� 3

k3 = 7.0� 10� 2

ED = 7.0� 10� 20J

k = 1.39� 10� 23 J

K

(2.9)

where:

� T = Thermal Expansion [ m
m ]

k = Boltzmann's Constant [ J
K ]

T = Temperature [K]

ED = Defect Formation Energy [J]

BISON and CTF/ CTFFuel likewise contain similiar models with slightly different tuning.

2.3.7 Cladding Thermal Expansion

FRAPCON 4.0, BISON, and CTF/ CTFFuel all model the cladding thermal expansion.

A typical expression found in all three codes for the cladding thermal expansion is given

in Equation 2.10.

� a x ia l =
8
<

:

� 2.5060� 10� 5 + 4.4410� 10� 6T T < 1073

� 8.3� 10� 3 + 9.7� 10� 6T T > 1273

� d iame t r i c a l =
8
<

:

� 2.3730� 10� 5 + 6.7210� 10� 6T T < 1073

� 6.8� 10� 3 + 9.7� 10� 6T T > 1273

(2.10)
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where:

� a x ia l = Axial Thermal Expansion [ m
m ]

� d iame t r i c a l = Diametrical Thermal Expansion [ m
m ]

T = Temperature [� C]

BISON and CTF/ CTFFuel likewise contain similiar models with slightly different tuning.

2.3.8 Fission Gas Release

Standard versions of CTF/ CTFFuel do not model �ssion gas release. However, recently, a

�ssion gas release model has been implemented and testing in CTF / CTFFuel [44]. There

are both merits and demerits to directly adding higher-order models to lower-�delity codes.

For the purpose of this study, a version of CTF without a �ssion release release model

implemented was used.

FRAPCON makes use of the Massih �ssion gas release model, which PNNL recommends

for steady-state calculations. However, use of the FRAPFGR model is necessary in order to

initialize FRAPTRAN (the NRC code used for studying fuel rods undergoing fast transients)

and accurately calculate the �ssion gas release (FGR) during transients. BISON uses the

SIFGRS FGR model[45] by default but has the Massih �ssion gas release model available.

The SIFGRS model takes into consideration that for burst (transient) FGR, diffusion is no

longer the dominating process. There is the possibility of mechanical failure of the pellet

as another mechanism for FGR. Overall, the FGR models in FRAPCON 4.0 and BISON are

perhaps more different than any other set of physics models which is likely to be in�uential

on the gap conductance.

2.3.9 Mechanical Modeling

BISON is the �agship code built on the �nite element library MOOSE [6] that allows nonlin-

ear mechanical analysis in 1.5D, 2D and 3D geometries. FRAPCON is a 1.5D �nite difference

code that uses FRACAS-I mechanical model based on small deformations. CTF / CTFFuel is

a 1.5D �nite difference code that does not have an explicit mechanical but allows for some

usage of FRACAS-I.
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2.3.10 Gap Conductance Modeling

The FRAPCON 4.0 gap conductance modeling considers conduction through the gas, con-

duction due to contact between the pellet and the cladding, and radiative heat transfer.

First, FRAPCON 4.0 computes the gas conductivity in the GTHCON subroutine. The gas

conductivity model considers the individual constituents of the gas:

kmi x = � n
i =1

k i xi

xi + � n
j =1(1 � � i j )	 i j x j )

	 i j =  i j (1+ 2.41
(M i � M j )(M i � 0.142M j )

(M i + M j )2
)

 i j =
(1+ ( k i

k j
)

1
2 + ( M i

M j
)

1
4 )2

2
3
2 (1+ M i

M j
)

1
2

k i = AT B

(2.11)

where:

kmi x = Gas Mixture Thermal Conductivity [ W
m �K ]

k l = Constituent Gas Thermal Conductivity [ W
m �K ]

M l = Molar Mass [ kg
mol ]

xl = Mole Fraction

T = Temperature [K]

Table 2.1: Constants A and B used in Equation 2.11.

Gas A B
He 2.531� 10� 3 0.7146
Ar 4.092� 10� 4 0.6748
Kr 1.966� 10� 4 0.7006
Xe 9.825� 10� 5 0.7334
H2 1.349� 10� 3 0.8408
N2 2.984� 10� 4 0.7799
Air 1.945� 10� 4 0.8586

Once the gas conductivity has been computed, the conduction through the gas may also
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be computed. First, the total jump distances from the fuel ( g f ) and cladding ( gc ) surfaces

is computed:

g f + gc = A(
kg a s

p
Tg a s

Pg a s
)(

1
� a i f ip

M i

)

A = 0.0137

(2.12)

Subsequently, the thermal gap width may be calculated:

� x = de f f + 1.8(g f + gc ) � b + d

d = Ope nG apSi z e[m ]

de f f = e � 0.00125P (Rf + Rc )(g ap i s c l o s e d)

de f f = Rf + Rc (g ap i sope n)

b = 1.397� 10� 6m

(2.13)

where:

Rf = Fuel Surface Roughness[m]

Rc = Cladding Surface Roughness [m]

And then the conduction through the gas may be computed:

Hg =
kg a s

� x
(2.14)

Conduction due to pellet-cladding solid-solid contact is modeled. FRAPCON 4.0 relies

upon the FRACAS-I model for computing the gap conductance due to solid-solid ( Hs)

contact.
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M H = e2.6034� 101+T (� 2.6394� 10� 2+T (4.3502� 10� 5+T (2.5621� 10� 8)))

Pr e l a t i v e =
Pi n t e r f a c i a l

M H

km =
2k f kc

k f + kc

R =
Ç

R2
f + R2

c

Hs =
8
>><

>>:

0.4166km Pr e l a t i v e Rmul t
R E Pr e l a t i v e > 0.003

0.00125km
R E 9 � 10� 6 < Pr e l a t i v e < 0.003

0.4166km P0.5
r e l a t i v e

R E Pr e l a t i v e < 9 � 10� 6

(2.15)

where:

Pi n t e r f a c i a l = Interfacial Pressure []

k f = Fuel Thermal Conductivity [ W
m �K ]

kc = Cladding Thermal Conductivity [ W
m �K ]

The FRAPCON 4.0 radiative heat transfer model assumes that length of the fuel and

cladding along the gap is much longer than the gap itself.

F =
1

ef +
r f s

rc l
( 1

ec
� 1)

H r = � F (T 2
f s + T 2

c i )(Tf s + Tc i )

(2.16)

where:

� = Stefan-Boltzmann Constant = 5.67� 10� 8 [ W
m 2�K 4 ]

ef = Fuel Outer Surface Emissivity [K]

ec = Cladding Surface Emissivity [K]

r f s = Fuel Outer Surface Radius [m]

rc i = Cladding Inner Surface Radius [m]

Tf s = Fuel Surface Temperature [K]

Tc i = Cladding Inner Surface Temperature [K]

H r = Radiation Gap Conductance Component [ W
m 2�K ]

The gap conductance modeling in BISON largely follows that in FRAPCON 4.0, which

is based upon the Ross-Stoute model. Recent developments to improve the �delity of the

BISON gap conductance model for high pressure cases (i.e. remove dilute gas assumption)
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were not made use of here as the TOPTAN model [46] is not currently the BISON default for

gap heat transfer modeling.

CTF/ CTFFuel by default has several options for gap conductance modeling: a single

user-de�ned constant value for the entire domain, user-de�ned values at each axial level

(but not azimuthal quadrant) for each heated solid conductor, and the the dynamic gap

conductance model.

The dynamic gap conductance model implemented in CTF / CTFFuel largely follows

the FRAPCON 4.0 model, with some differences in parameter tuning. The CTF / CTFFuel

documentation also provides de�nitions for the molecular accomodation ( a j ) of the gases:

aH e = 0.425� 2.3� 10� 4T

aX e = 0.749� 2.5� 10� 4T

a j =
aX e � aH e

128
M j + (aH e � 4

aX e � aH e

128
)

(2.17)

where:

M j = Molar Mass [ kg
mol ]

T = Temperature [K]

2.4 Code Comparison

Several important differences exist between the codes. An analysis of these differences will

provide a blueprint for the selection of parameters to be explored in multidimensional

lookup tables. Currently, CTFFuel does not model either �ssion gas release or transient

�ssion gas release. These quantities however are calculated by the FRAPCON 4.0 and BISON

codes. Additionally, all of the FRAPCON 4.0 and BISON make use of the dilute (ideal) gas

model; the gas thermal conductivity does not depend upon pressure even at high pressure.

While corrections have been made to this in BISON, this updated model (TOPTAN) is still

not utilized as the default. Next, CTFFuel fails to account for cladding plastic deformation

while this is accounted for in the FRAPCON / FRAPTAN and BISON codes. Finally while

CTFFuel and FRAPCON implement the “rigid pellet” model the BISON code allows for the

pellet to deform. This methodology has been shown to result in more accurate and less

conservative estimates of the fuel centerline temperature in other 1.5D fuel performance

codes [47] and an improvement in PCMI prediction. In order to greatly simplify multiple

complex processes, the gap conductance has been considered a function of both burnup
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and the linear heat generation rate [20].

The BISON �nite element code offers the opportunity to model azimuthal geometric

variations in a single fuel rod. This feature allows for the modeling of azimuthal variations

in the gap conductance due to physical phenomena such as missing pellet surface [48]

or pellet loading eccentricity [49; 50]. While pellet loading eccentricity causes a lower fuel

centerline temperature it also causes a nonuniform compressive stress and thus increased

peaking of the PCMI hoop stress.

Azimuthal variations have also been taken into account when using the CTF fuel solver

but not the independent CTFFuel code (which homogenizes the thermal hydraulic bound-

ary condition when modeling a single pin-cell ). CTF / CTFFuel can be informed with the

power distribution resultant of a calculation using a neutronics code. Additionally, az-

imuthal variations in the thermal hydraulics boundary conditions can be input into CTF.

This has been used previously in studies on azimuthal variations in cladding hydriding

[51; 52; 53; 54] as cladding corrosion is a diffusion limited process that is highly dependent

on the cladding outer surface temperature (which can be determined from the coolant

temperature and the convective heat transfer coef�cient).

However, CTF only offers the option to directly inform axial variations in the fuel rod

gap conductance and not azimuthal variations. Considering also computational expenses

(BISON) and that the BISON �les in these studies will be build upon pre-existing BISON

�les, depletion studies in BISON will make use of the axisymmetric layered (effectively 1.5D)

modeling while transient studies in BISON will make use of smeared pellet (effectively 2D)

modeling.

In this work, as we discuss later, a new methodology in informing CTFFuel's gap con-

ductance model using multidimensional lookup tables for steady-state and depletion cases

and machine learning informed models for transient cases is proposed. The method relies

upon the observation that under steady-state conditions �ssion gas release is a diffusion-

controlled process. Thus, the rate of �ssion gas release is strongly dependent on the pellet

temperature. Additionally, cladding plasticity is highly dependent on the cladding temper-

ature. Because PCMI occurs at the interface of the pellet outer surface and the cladding,

both of the fuel outer and cladding inner temperatures will be included in the transient

model. Fuel and cladding temperatures and power tend to be highly correlated for quasi

steady-depletion and thus only one be required in the parametric table for capturing instan-

taneous effects. FRAPCON, BISON and CTF/ CTFFuel all have the same cladding oxidation

and cladding thermal conductivity model. Additionally, while CTFFuel does not have a
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�ssion gas release model, fuel degradation is accounted for by the burnup dependent fuel

thermal conductivity model.
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CHAPTER

3

BACKGROUND ON RELEVANT

STATISTICAL METHODS

In this chapter a background on the relevant statistical methods used throughout this

dissertation is provided. Before discussing the different methods it is important to de�ne

some terminology.

• Uncertainty Propagation: the propagation of input sources of uncertainties to out-

puts of interest.

• Sensitivity Analysis: the estimation of the qualitative or quantitative importance

of the inputs for each output of interest. This general de�nition includes screening,

global sensitivity analysis and correlation based indices.

• Design of Experiments (DoE): methods used to select points in the input space where

a numerical code will be evaluated.

• Surrogate Model: a predictive model that is an approximation of the numerical code

26



and can be executed at a signi�cantly reduced cost. The predictive model is trained

and validated based on datasets generated from a selected DoE.

• Uncertainty Quanti�cation (UQ): an umbrella term that includes combinations of

all the above-mentioned approaches to accomplish a speci�c goal. An example can

be the quanti�cation of safety margins for a nuclear reactor accident that includes

a large number of uncertain inputs. In such a case, �rst a screening approach will

be employed to reduce the number of inputs followed by a DoE in the reduced in-

put space to train a surrogate model that would be used to approximate the time

consuming reactor accident simulations. The surrogate model is then used for both

propagating the uncertainties and to quantify the importance of each input. From

the propagated uncertainties the safety margins can be computed.

In this work, the focus is on the high to low �delity UQ of fuel performance codes. The

FRAPCON and BISON fuel performance codes are assumed to simulate single fuel rods.

The main output of interest for the high to low �delity UQ is the gap conductance because

it is a complex parameter impacted by various physical phenomena and that can exhibit

large uncertainties. A set of inputs (such as geometry, material properties, manufacturing

parameters and physics models) and their uncertainties which may be in�uential upon the

gap conductance are studied. In the screening sensitivity analysis stage, these uncertain

inputs are sampled and for each sample, the FRAPCON code is run. It is then determined

which of the inputs are most in�uential upon the gap conductance. Next, in the uncertainty

propagation stage, only the in�uential inputs are sampled again and for each sample, either

the FRAPCON or the BISON code is run. Then, the uncertainty in the gap conductance, due

to in�uential uncertain inputs is quanti�ed.

In this chapter, various methods relevant to the uncertainty quanti�cation studies

discussed in the following chapters are presented. To facilitate the discussion of the different

methods, in Equation 3.1 we de�ne a numerical code that takes q = [q1, ...,qp ] inputs:

f = f (q ) : Rp ! R (3.1)

The numerical code output of interest is considered a scalar quantity, which in the

context of this thesis would be the gap conductance.
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3.1 Sensitivity Analysis

In uncertainty quanti�cation studies with computationally expensive codes, a sensitivity

analysis is �rst performed to determine which code inputs are most in�uential upon the

output. In sensitivity analysis, the contribution of the most in�uential input parameters

on the output is measured. Depending on the quantity being measured and the underly-

ing goal and computational resources, different sensitivity analyses methods have been

proposed. In this work, the Morris screening method is discussed together with the Spear-

man and Pearson correlation based indices, Sobol analysis that is based on the variance

decomposition and the Hilbert-Schmidt Independence Criterion (HSIC) indices based on

dependence measures.

3.1.1 Morris Screening Method

One strategy for �nding the q which are most in�uential upon f (q ) is one-at-a-time meth-

ods, of which Morris Screening [55; 56] is an example. Morris screening effectively uses the

averaging of many local sensitivity analyses through the entire input domain assuming

only a single input parameter is varied at each step of a sample's random walk. Here, the

validity of the Morris screening method requires the inputs to be independent. The Morris

Screening method and its implementation begin with normalizing all of the inputs q to the

unit interval [0,1]. Next, it is assumed that l is an even integer and:

� =
l

2(l � 1)
(3.2)

A total of r samples are now taken, with each sample resulting in p + 1 code evaluations.

Each of the p + 1 code evaluations only differs from the previous one by a perturbation in

one of q by � .

A procedure for describing an ef�cient pathing initialization has been de�ned [55]. For

each sample, the series of p + 1 input values are given the matrix B � which is of size (p + 1)� p .

B is a matrix of size (p + 1) � p which is a strictly lower triangular matrix with all non-zero

entries of value 1. J is a matrix of size (p + 1) � p for which every entry is of value 1. D � is a

(p + 1) � p diagonal matrix with all non-zero entries randomly selected to be either -1 or 1.

Lastly, P � is a (p + 1) � p matrix with its columns randomly shuf�ed. The input values are

initiated as q � where each q is randomly selected from the interval [0,1] uniformly spaced

by l values. Lastly, the matrix B � may be computed as in Equation 3.3.
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B � = ( J q� +
�

2
((2B � J)D � + J)P � (3.3)

The code is then evaluated sequentially for each row of B � . Within each sample, the

elementary effect (Equation 3.4) for each qi can be determined from the local derivative

between samples for which qi was perturbed.

d i =
f (q + � ei ) � f (q )

�
(3.4)

Here, e is the standard unit vector. Looping over all samples, the Morris Screening

metrics may be computed as shown in Equation 3.5.

� i =
1

r

rX

j =1

d j
i (q )

� �
i =

1

r

rX

j =1

jd j
i (q )j

� 2
i =

1

r � 1

rX

j =1

(d j
i � � i )

2

(3.5)

Both of � �
i and � i can be used to separate the most in�uential inputs from the non-

in�uential ones. The �rst metric gives measures the linear direct contribution of each input,

while the second metric measures the non-linear or interaction contributionn.

3.1.2 Sobol Indices

The Sobol indices quantify the importance of each input by decomposing their impact

on the variance of the output. However, computing Sobol indices is very computationally

expensive. One strategy then, is to �rst using a screening method (such as Morris Screening)

in order that in the Sobol analysis only the most in�uential input parameters are perturbed

[57].

The Sobol indices may be computed ef�ciently using the Sobol-Saltelli algorithm [58].

First, M random samples of q are taken, [q1, ...,qp ]1...[q1, ...,qp ]M . Next, an additional M

random samples of q = [q1, ...,qp ] are taken, [q̂1, ...,q̂p ]1...[q̂1, ...,q̂p ]M . The two matrices are

de�ned:
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A =

0

B
@

q 1
1 q 1

i q 1
p

... ... ...

q M
1 q M

i q M
p

1

C
A (3.6)

B =

0

B
@

q̂ 1
1 q̂ 1

i q̂ 1
p

... ... ...

q̂ M
1 q̂ M

i q̂ M
p

1

C
A (3.7)

Subsequently, Ai
B and B i

A are created. Ai
B is matrix A but with column i replaced by the

column from matrix B. Likewise, B i
A matrix B but with column i replaced by the column

from matrix A.

Ai
B =

0

B
@

q 1
1 q̂ 1

i q 1
p

... ... ...

q M
1 q̂ M

i q M
p

1

C
A (3.8)

B i
A =

0

B
@

q̂ 1
1 q 1

i q̂ 1
p

... ... ...

q̂ M
1 q M

i q̂ M
p

1

C
A (3.9)

Lastly, matrix C is de�ned, which concatenates matrix B below matrix A:

C =

0

B
@

A

�

B

1

C
A (3.10)

Next, each row of matrices A, B, Ai
B ; i = 1, ...p ; and B i

A; i = 1, ...p acts as a code input, for

a total of M + M + pM + pM = 2M (p + 1) code evaluations. This will provide the following

results: f (A) j , f (B) j , f (Ai
B ) j , and f (B i

A) j for j = 1, ...,M . Finally, the �rst ( Si ) and total ( STi
)

Sobol indices may be computed:

Si

1
M

P M
j =1[ f (A) j f (B i

A) j � f (A) j f (B) j ]

1
2M

P 2M
j =1[ f (C) j f (C) j ] � E 2[ f (C)]

(3.11)

STi

1
2M

P M
j =1[ f (A) j � f (Ai

B ) j ]2

1
2M

P 2M
j =1[ f (C) j f (C) j ] � E 2[ f (C)]

(3.12)
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The Si quanti�es the in�uence of input parameter qi alone on f (q ) while STi
quanti�es

the total in�uence (including interactions) of input parameter qi on f (q ). For a large number

of inputs, it is infeasible to compute the individual interaction terms, Si j and that is why

usually the analysis stops at the Si and STi
Sobol indices.

The Sobol-Saltelli algorithm for computing Sobol indices relies on the assumption of

independent inputs. Although generalization of Sobol indices for dependent inputs have

been proposed [59], in this work the inputs are assumed to be independent. A preliminary

examination of fuel manufacturing shows that only the plutonium vector in mixed-oxide

(MOX) fuel can be very correlated. However, it can be reasonably assumed that for any single

fuel rod, the many geometric, material, and manufacturing properties are independent of

each other.

3.1.3 Correlation Coef�cients

Correlation is a measure of how two random variables vary with relation to each other.

Correlation is similar to covariance, but normalized. Different coef�cients can be used

to measure correlations with the main ones being the Pearson and Spearman [57]. The

Pearson correlation coef�cients are de�ned as:

� (qi ,q j ) =
E[qi q j ] � E [qi ]E [q j ]

� i � j
(3.13)

With the standard deviation de�ned as:

� i =
q

E(q 2
i ) � E(qi )2

� j =
Ç

E(q 2
j ) � E(q j )2

(3.14)

Here, E represents the expectation of a random variable. The Pearson correlation coef-

�cients are easy to calculate, but may be inaccurate for cases for which qi and q j are not

linearly related. When more than two parameters are correlated, then a correlation matrix

R can be constructed using the Pearson correlation coef�cients as:

Ri j = � (qi ,q j ) (3.15)

If qi and q j are not linearly related, then the Spearman correlation coef�cients might

be suf�cient. The Spearman correlation coef�cients are valid as long qi and q j maintain
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a monotonic relationship. The Spearman correlation are ranked coef�cients that can be

computed from a sample size N similarly to the Pearson coef�cients:

� s(qi ,q j ) =

P N
k =1(r ank (qi ) � r i )(r ank (q j ) � r j )
p

r ank (qi ) � r i

Æ
r ank (q j ) � r j

r i =
1

N

NX

k =1

r ank (qi ,k )

r j =
1

N

NX

k =1

r ank (q j ,k )

(3.16)

The entries of a correlation matrix �lled with Spearman indices are then:

Rs,i j = � s(qi ,q j ) (3.17)

3.1.4 Hilbert-Schmidt Independence Criterion Indices

Hilbert-Schmidt Independence Criterion (HSIC) indices were originally presented in [60]

and can be seen as a speci�c type of dependence measures. Dependence measures are

information based methods to evaluate the amount of dependence between two random

variables. They can be seen as an extension of the correlation coef�cients that can account

for non-linearities between the inputs. In [61], the HSIC indices were proposed as an

ef�cient way to screen in�uential uncertain input parameters when the number of inputs

is large and the computational code is expensive.

The HSIC indices use kernel approaches for measuring the non-linear dependence

between two random variables. More speci�cally, they are based on the cross-covariance

operators in Reproducing Kernel Hilbert Spaces (RKHS). RKHS is a Hilbert Space of func-

tions with an associated kernel that can reproduce these functions. Each function in this

space can be evaluated pointwise through an inner products of this kernel. To better under-

stand HSIC indices we de�ne two random variables qi 2 X and q j 2 Y. Following [60], the

variable qi is associated with a RKHS H : X ! R de�ned by a kernel k i while the variable q j

is associated with a RKHS G : Y ! R de�ned by a kernel k j . The cross-covariance operator

Ci j : G ! H between qi and q j is expressed in Equation 3.18 for every function h 2 H and

g 2 G.

< h ,Ci j g >= Eqi q j
[h (qi )g (q j )] � Eqi

[h (qi )]Eq j
[g (q j )] (3.18)
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The Ci j can be seen as a generalization of the covariance to higher order non-linear

correlations. The HSIC is obtained by computing the Hilbert-Schmidt norm of Ci j :

H S I Ci j = Eqi ,q 0
i ,q j ,q 0

j
[k (qi ,q

0
i )k (q j ,q

0
j )]

+ Eqi ,q 0
i
[k (qi ,q

0
i )]Eq j ,q 0

j
[]k (q j ,q

0
j )]

� 2Eqi ,q j

”
Eq 0

i
[k (qi ,q

0
i )]Eq j ,q 0

j
[k (q j ,q

0
j )]

—
(3.19)

Where qi ,q j and q 0
i ,q

0
j are two independent samples drawn from the same distribution.

HSIC is zero if and only if qi and q j are independent, a property very useful for dependence

measures. Typical kernels used for computing HSIC are the Gaussian and Laplace kernels.

Finally, the HSIC indices ( SH SI C
i j ) are constructed by normalizing the obtained HSIC as

shown in Equation 3.20.

SH SI C
i j = D (qi ,q j ) , D 2(qi ,q j ) =

H SI Ci j
p

H SI Ci i

Æ
H SI Cj j

(3.20)

In this work, the pyHSIC-LASSO package was used for computing the HSIC values

[62; 63]. In this implementation, the least absolute shrinkage and selection operator (Lasso)

technique for feature extraction is combined with the HSIC to not only allow capturing

non-linear dependencies between inputs and output variables but also to identify the most

relevant and not redundant input subsets. Gaussian kernels are used that are shown in

Equation 3.21.

k (qi ,q
0
i ) = e

�
(qi � q0

i )2

(2� 2
qi

) (3.21)

3.2 Design of Experiments

3.2.1 Random Sampling

In random sampling, the samples of the random variables are simply drawn from their

respective probability distributions. This approach, although straightforward, leads to a

poor coverage of the input space if the number of inputs is large. For this reason more

ef�cient approaches have been proposed called "space-�lling" designs.
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3.2.2 Latin Hypercube Sampling

A particular example of a "space-�lling" design is the Latin Hypercube Sampling (LHS) [64].

For a sampling size M of an input, the input space is uniformly discretized into M intervals

in each marginal dimension. This discretization leads to a large number of hypercubes.

The M samples are drawn randomly in some hypercubes that ful�ll the "latin" design

requirement that imposes every interval to have one sample.

3.2.3 Gaussian Copula Sampling

Sampling multivariate normal variables is straightforward once the correlation matrix,

mean vector and standard deviation vector of the inputs are provided or estimated. However,

in cases where the multivariate distribution does not follow a normal distribution then

sampling the inputs is more challenging. For this purpose, copula-based approaches can

be used and more speci�cally in this work we focus on the gaussian copulas. We assume

that the correlation matrix and the marginal distributions of the inputs are empirically

known and that we want to obtain a sample size of N of the inputs q of dimension p .

Initially, standard normal multivariate samples z of size p are generated for each sample,

respecting the correlation matrix of q . For every z sample the cumulative density function

(CDF) is computed to obtain the respective quantile values u . This u values then are inputs

to the inverse of the marginal CDF providing the desired sample x . This is illustrated in

Figure 3.1.

Figure 3.1: Gaussian copula based sampling approach.
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This process for the desired number of samples N can be describe as follows:

1. Generate N samples of z � N (0,R), with z 2 Rp .

2. Compute quantiles u matrix with: u 1 . . .u p = F (z1). . .F (zp ).

3. Compute the samples matrix q , with q1 . . .qp = F̃ � 1
1 (u 1). . . F̃ � 1

p (u p ).

where R is the correlation matrix, F is the CDF of z standard normal variables and F̃i is

the CDF of qi .

3.3 Surrogate Models

Surrogate models are used to create predictive models of underlying phenomena based on

training data. In the context of this work, the underlying phenomena are the fuel perfor-

mance physics simulated using a numerical codes. More speci�cally, surrogate models of

the gap conductance will be created for a RIA.

The validity of a surrogate model can be determined from cross-validation. Here, some

of the training data is removed and the model is calibrated on the remaining training data.

For this training data, the goodness of �t of the model is determined from Equation 3.22:

R2 = 1 �
SSR

SST
(3.22)

SSR can be computed as shown in Equation 3.23

SSR=
nX

i =1

(f i � f̃ i )2 (3.23)

Where, f i is the numerical code evaluated for an input sample q i
1 . . .q i

p and f̃ i is the

surrogate model prediction for the same input. A total sample size of n is considered with

SST being the resulting variance in the output testing data.

Application of the model to the training data (i.e. the testing data) which was left out

allows for the computation of another value of R2, called Q2.

The training data may be split into k folds with each fold held out as testing data and

the rest kept as training data. For each fold, the value of Q2, is then determined.
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3.3.1 Linear Regression

In linear regression, it is assumed that the model output (assumed here to be scalar-valued)

is linear with respect to the model parameters:

i = 1, ...,n

yi =
pX

j =1

� j q j ,i + � i

� i � N (0,� � )

(3.24)

Where � j are the model parameters, yi is the model output for n observations, q j ,i are

the p model inputs for n observations and � i is the model error for n observations assumed

to be independent and identically distributed.

The parameters for such model can be easily estimated based on a sample input / output

dataset of size N using least squares method:

ˆ� = (QT Q)� 1QT Y (3.25)

where:

Q = Input matrix of size N � p

Y = Output vector of size N .

The cost function minimized here is:

nX

i =1

jyi �
pX

j =1

Qi j � j j

2

(3.26)

3.3.2 Arti�cial Neural Networks

Arti�cial neural networks take a set of inputs and pass them through hidden layer(s) of

neurons in order to determine the corresponding output. Each neuron in each layer repre-

sents an activation function g(q ) which are non-linear functions indicating if the neuron is

active or not. A graphical representation of neural networks is shown in 3.2.

Generally, the Recti�ed Linear Unit (ReLU) function is considered the gold standard for

activation functions and is de�ned in Equation 3.27. The sigmoid (logistic) functions are

also widely used as de�ned in Equation 3.28.
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Figure 3.2: Graphical representation of neural network inputs, hidden layer, and outputs
[3]

g(q ) = ma x (0,q ) (3.27)

g(q ) =
1

1+ e � q
(3.28)

Sigmoid activation functions may be useful in the present work because the gap con-

ductance demonstrates a saturation behavior.

For a neural network with a single hidden layer and a scalar output as seen in Figure

3.2, the model output can be easily derived. For p inputs and M neurons, the model is

described by Equation 3.29.

f̃ (qi ) =
MX

l =1

w l g
€ pX

k =1

wk l qk i + w l 0

Š
+ w0 (3.29)

Where w l 0 is the bias on each neuron, w0 is the bias on the output, wk l is the weight of

the input k to neuron l , and w l is the bias to the output of neuron l .

From Equation 3.29 it can be seen that a unique linear combination of all inputs serve
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as the input to each neuron. Each neutron then adds some unique bias to this input.

Subsequently, a linear combination of the neuron outputs is the input to the output, which

itself has some bias. Neural networks with more than one hidden layer are considered as

deep networks.

The neural networks are determined thus by a set of parameters: the weights and biases.

The training of the neural networks is called the process through which these parameters

are estimated. Typically, in the training a subset of the available input / output dataset is

used. On this subset the weights are randomly initialized and then updated iteratively

using the backpropagation algorithm and a gradient decent optimization. Essentially, a

cost function is used to measure the predictive performance of the current weights and

then the associated updates of the weights are easily computed since all the components

of the neural network have known gradients. This process is repeated until a prede�ned

number of iterations is reached [3].

3.3.3 MARS

MARS stands for Multivariate Adaptive Regression Splines [65] and its a surrogate model

that expands adaptively to the necessary functional complexity. The open source version

of MARS used in these studies is EARTH [66], implemented in Python.

The MARS model is constructed in two parts through a forward selection part and a

backwards deletion part. In the forward selection part, a large set of basis functions are

selected that probably end up with an over�tting model. The backward deletion part then

acts as the subset selection to reduce the number of basis function. The core of MARS

consist in its adaptive data-driven determination of the basis functions. The basis functions

are constructed as product of the following functions:

• Constants

• Linear terms

• Hinge functions

The hinge functions represent piecewise linear functions that are de�ned as:
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h (qi � qi ,0) =

8
<

:

0 qi < qi ,0

qi � qi ,0 qi � qi ,0

h (qi ,0 � qi ) =

8
<

:

0 qi > qi ,0

qi � qi ,0 qi � qi ,0

(3.30)

The hinge function gets its name because when both of h (qi � qi ,0) and h (qi ,0 � qi ), a

"hinge" is created due to the change in slope. This is the same approach then, as using

linear splines to approximate a nonlinear function. Comparing Equations 3.30 and 3.27

showed that hinge functions are simply shifted ReLU functions.

One of the most important aspects of MARS is that through products between these

hinge functions it can expand locally to a necessary order to explain parts of the input

region where the function complexity is increased. This allows the automatic construction

of a very �exible and easy to interpret model.
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CHAPTER

4

UTAB GAP CONDUCTANCE HIGH TO

LOW FIDELITY METHODOLOGY FOR

DEPLETION

As discussed in Chapter 1, a strong �eld of ongoing research and interest in nuclear engi-

neering is the development of multi-�delity high to low (Hi2Lo) approaches. In Hi2Lo, high

�delity codes are used to ef�ciently inform low �delity codes that can be used afterwards

for the desired applications. A particular challenge for Hi2Lo approaches is their use in an

uncertainty quanti�cation (UQ) framework where multiple code calculations at different

conditions are required in order to improve the safety margin predictions. In this work, the

focus is on the gap conductance ( Hgap) Hi2Lo in fuel performance modeling for depletion

calculations. The Hgap is a predicted quantity by the high �delity fuel performance codes

and an input parameter to the low �delity thermal solvers. The prediction of Hgap depends

on many complex thermal, mechanical and physico-chemical phenomena that exhibit

large uncertainties and have strong discontinuities. These high �delity uncertainties will
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need to be accounted for an accurate Hi2Lo approach for the H gap.

As explained in Chapters 1 and 2, a commonly employed Hi2Lo approach in industry

and academia is to use a high �delity code to calculate tabulated values of Hgap as a function

of some parameters of interest, usually burnup and linear power. The Hgap value during the

depletion using the low �delity code is interpolated from these tabulated values. Although

this approach produces accurate results for calculations assuming all code inputs are

at their nominal values, it does not guarantee accuracy and consistency in UQ studies.

The underlying problem is that the Hgap is an intermediate quantity computed by a fuel

performance code and its uncertainty is a result of the uncertainties in the high �delity

inputs to the fuel performance code. To illustrate this we take the example of an Hgap table

based on burnup and linear power. For each pair of linear power and burnup, a �xed

uncertainty is used independent of the high �delity model inputs. This can be problematic

because for different samples of fuel roughness or gap width we can see that there will be a

signi�cant impact on the Hgap since these parameters are used directly in its computation.

There is thus a need to consistently estimate the uncertainty of the Hgap and its correlations

with the respected high �delity inputs. This is especially of interest for multi-physics UQ,

where some inputs such as the fuel radius are common inputs to the different physics

domains. The consistent propagation of high �delity uncertainties to low �delity thermal

solvers through the Hgap will allow more accurate safety margins predictions from multi-

physics calculations.

To better understand the underlying problem, we de�ne a high �delity fuel performance

code that predicts the gap conductance as Hg ap = fh f (qh f ) : Rd ! R that takes as inputs the

high �delity parameters qh f = [q 1
h f . . .q d

h f ]. Additionally, we de�ne the low �delity thermal

solver that predicts safety output of interest R asR = f l f (Hg ap ,ql f ) : Rp +1 ! R. The inputs

of f l f include the low �delity inputs ql f = [q 1
l f . . .q p

l f ] and the gap conductance predicted by

fh f . The low and high �delity inputs have some common inputs such as the fuel radius but

differ signi�cantly in the model inputs since the fh f includes more complex models such

as the �ssion gas release and creep. The challenge of this work is that it will not aim only

at developing a Hi2Lo approach for predicting the intermediate quantity Hg ap but also at

propagating the uncertainties from the high and low �delity inputs to the safety outputs of

interest such as the maximum fuel temperature.

To achieve this goal, a methodology is proposed called UTAB (uncertain tabular) that

can be used for a consistent UQ, which is an extension of the tabulated approach popular in

industry. As a proof of concept the methodology will be developed using the UO2 shortened
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fuel rod of the C5G7 benchmark [67]. FRAPCON will be used as the high �delity code for

the development and testing of this approach and CTFFuel as the low �delity code. The

performance of UTAB will be evaluated by comparing both the value of Hgap it predicts

and the fuel temperatures predicted by CTFFuel to values of these quantities computed by

FRAPCON.

4.1 UTAB Methodology

The UTAB methodology can be seen as an extension of the usual Hi2Lo approach based

on tabulated interpolation performed for Hgap in industrial depletion calculations. This

commonly used approach will be called MTAB throughout this document for comparison

purposes. The UTAB scheme of the methodology including its different steps is presented

in Figure 4.1. The starting point is to consider the Hgap as a function of linear power ( Plin ),

burnup ( Bu) as well as a set of other inputs gathered in vector X, such as the gap width and

fuel roughness. For the reference values of X an Hgap table is calculated for different grid

points of Plin and Bu, in a similar way to MTAB. This table is considered as the nominal / mean

value of Hgap. In parallel, a screening sensitivity analysis is carried out using the HSIC indices

on X for the different ( Plin ,Bu) grid points. The results of the screening are used to reduce the

inputs to only the important ones, that are gathered in vector X0. Afterwards, the uncertainty

of X0 is propagated to H gap using a random sampling of size N . This is performed for each

grid point of the mean table to obtain a set of Hgap samples for each grid point and compute

the associated histograms (i.e. the distribution and thus uncertainty in the gap conductance

at that grid point) and correlations. All the samples of Hgap and the inputs are gathered in a

large matrix. If the size of the Plin and Bu discretizations are Np and Nb respectively and if the

screened inputs are p , then the matrix has a size of N � d , with d = p + Np Nb . This matrix

can then be used to estimate the correlations between the gap conductance at different

Hgap grid points and the inputs most in�uential on the gap conductance. The Spearman

coef�cients are used to estimate the correlations instead of the Pearson that are commonly

used. This was done because the Hgap has a strong nonlinear behavior, especially during

the gap closure, and thus the linearity assumption of Pearson coef�cients does not apply.

Having estimated all these quantities, what remains is to be able to sample from the

obtained empirical distributions of Hgap at each grid point and preserve the estimated

correlations. The strong nonlinear behavior of Hgap in the gap closure phase leads to non-
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Figure 4.1: Scheme of the UTAB methodology.

normal distributions that do not allow a straightforward multivariate normal sampling

because it could even produce negative values. To overcome this, a Gaussian copula based

approach is adopted as discussed in Chapter 3.

As illustrated in Figure 4.1, this method essentially assumes that the high �delity Hgap

function can be written as a sum of two functions. The �rst function represents the mean

trend. The second function represents the deviation from this mean trend calculated using

the estimated correlation matrix and histograms. Both functions are approximated on

the grid points of the table and are combined to approximate the original function. It is

important to mention that this methodology is not restricted to two inputs for the mean

table discretization and can be extended to an arbitrary number of inputs. In the next

chapter, an extension of this approach is discussed with an additional third parameter that

accounts for historical effects during depletion.
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In order to generate Hgap parametric tables, FRAPCON 4.0 will be run at a constant Plin ,

with the Hgap dumped at various Bu intervals. Thus, the depletion Plin and the instantaneous

Plin at the Bu gridpoint of interest will always be the same. Another potential strategy would

be to always perform the depletion with a universal depletion Plin and at the Bu gridpoint

of interest, instantaneously set the Plin to the Plin of interest. However, in this study, only the

�rst method is performed.

4.2 Case Study

The UTAB methodology is developed as a proof of concept using the C5G7 benchmark UO2

fuel rod. The fuel rod is a shortened typical PWR UO2 fuel rod with characteristics de�ned

in Table 4.1. In this table, the UQ of the inputs, consisting the X, are presented as well with

normal probability density function (PDF) assigned to all inputs. The PDF are provided in

their relative form. For example N (1,0.01) means that a normal PDF is used with a mean

value the "reference value" and a standard deviation of 1%. The inputs UQ are based on

literature review. The studied fuel rod is modeled with FRAPCON, using 1.5D modeling and

a discretization of 10 nodes axially and 45 nodes radially. A cosinus axial power pro�le is

applied. The same discretization is used in CTFFuel. The boundary conditions of the fuel

rod are assumed constant with a system pressure of 15.51M Pa and a �ow rate of 2710 kg
m 2s .

The �rst step in the UTAB methodology is to reduce the input vector to only the signif-

icant inputs with regards to the Hgap. For this purpose a screening sensitivity analysis is

carried out. Based upon expert judgement, it was decided to use the FRAPCON 1.5D fuel

performance regulatory compliance code as low �delity surrogate for the �nite element BI-

SON fuel performance code for the purpose of a sensitivity analysis to determine in�uential

input parameters. Once the most in�uential input parameters been determined, a Monte

Carlo brute force approach can be used and these in�uential input parameters can be

sampled and either the FRAPCON 4.0 or BISON code is used to propagate the uncertainties

in the inputs to the uncertainty in H gap.

An initial proposed strategy was to use Morris Screening to determine the qualitative

importance of each uncertain input parameter. Then, the Sobol-Saltelli algorithm would

be used in order to compute the quantitative importance of each quali�ed uncertain input

parameter. It was also considered desirable that the global sensitivity analysis would be

performed on a very widely-varying domain, representative of all possible fuel rod designs
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Table 4.1: Sampling intervals for FRAPCON uncertain inputs.

Input Reference Value Sampling Interval
Cladding Outer Diameter ( dc o) 0.0095 m N(1,0.01)

Fuel Outer Diameter ( d f o ) 0.00819 m N(1,0.01)
Gap Thickness (t g ap ) 85 � m N(1,0.1)

Fuel Stack Length (L f ) 1.2852 m N(1,0.01)
Fuel Pellet Height ( H f ) 0.01524 m N(1,0.01)
Fuel Pellet Density ( � f ) 95.5 % N(1,0.01)

Plenum Height ( Lp ) 0.1772 m N(1,0.01)
Rod Pitch (dp i ) 0.0126 m N(1,0.01)

Fill Gas Pressure (pi ) 1.75 MPa N(1,0.0286)
235U Enrichment ( e5) 3.74 % N(1,0.01)

Fuel Pellet Roughness (Rf ) 2.5� m N(1,0.2)
Cladding Roughness (Rc ) 0.625� m N(1,0.2)
Cladding Cold Work ( cc w ) 0.5 N(1,0.1)

Cladding Texture Factor ( ct e x ) 0.125 N(1,0.1)
Cladding Hydrogen Content ( ch2

) 20ppm N(1,0.1)

within most commonly used within industry.

However, there were several problems with this approach. First, FRAPCON, like most

fuel performance codes, is tuned (using closure models) to work best on a speci�c range

of geometric, material and manufacturing code input values. In many statistical analyses,

inputs which result in code convergence failure can simply be removed. However, both of

the Morris Screening and Sobol Saltelli methods require that code convergence has been

achieved for entire sets of inputs. Thus, much smaller uncertainties for input parameters

for the FRAPCON code were assumed. Additionally, this two-stage sensitivity analysis

would require a large number of code evaluations. This renders using these methods nearly

non-viable (considering that a large, 15-20, number of uncertain input parameters in

this problem may be in�uential upon the output). FRAPCON is a very fast code and thus

performing so many code evaulations may be treatable; however, it would be a suboptimal

use of computational resources.

A new strategy was employed which (1) restrained the sampling intervals of the uncertain

input parameters (2) made exclusive use of HSIC indices for input screening due to the non-

linear relation between the problem inputs and the gap conductance. The HSIC indices
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are calculated based on a stochastic sample of the inputs of size 200. In Figure 4.2 the

calculated linear coef�cient of determination R2 for depletion at constant Plin of 20kW =m

between Hgap and the uncertain inputs, is given. A value close to one indicates that the

linear model can describe with good accuracy the Hgap behavior. The accuracy decreases

with the decrease of the R2. We observe that, as expected by the physics, the behavior

is strongly non-linear in the gap closure phase. The results for the corresponding HSIC

indices are shown in Figure 4.3. The HSIC indices calculated here have only qualitative

meaning and thus can identify if an input is negligible but they cannot measure exactly its

contribution. From these results it can be seen that the input parameters with the greatest

in�uence on the Hgap are the fuel and cladding surface roughness, the initial gap size, and

the fuel outer diameter. All other input parameters will be held at their nominal values

during the second stage (uncertainty analysis) of UTAB.

Figure 4.2: Linear regression of the gap conductance as a function of the uncertain input
parameters and Bu during a depletion with constant LH G R = 20kW

m .

Once the reduced input parameters are identi�ed, the next step of the UTAB methodol-

ogy is to estimate the Hgap mean table and correlation matrices for a selected grid point

discretization. For this proof of concept a non-uniform grid with �ner Bu discretization

for the gap closure region and high Bu was selected. With the Plin discretized in steps of

size eP and the Bu discretized in steps of eB , the non-uniform grid discretization is given in

Equation 4.1.
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Figure 4.3: The HSIC indices of the uncertain input parameters with respect to the gap
conductance as a function of Bu during a depletion with constant LH G R = 20kW

m .

eP = 5;5 � Pl i n [
kW

m
] � 40

eB = 2.5;0� Bu [
G W d

M T
] � 20

eB = 5.0;20� Bu [
G W d

M T
] � 40

eB = 2.5;40� Bu [
G W d

M T
] � 60

(4.1)

The Bu non-structured discretization was chosen based on the expectation of larger

interpolation errors in the closing phase of the gap due to the strong non-linearity and in the

high burnup phase due to the rapid increase of �ssion gas releases. We note that this burnup

is used as the axial burnup (radially averaged). For FRAPCON, the �ne discretization is used

and the grid points are the axial Bu and Plin of the 6th node starting from the bottom. In

Figure 4.4 the FRAPCON mean table results are shown. The Hgap for depletion calculations

in FRAPCON is maximized at about 80,000 W
m 2� K . As will be seen later in Chapter 5, this is

about 25% more than the maximum gap conductance predicted by BISON for depletion

calculations. What is interesting about Figure 4.4 is the diagonal stripe representing the gap

conductance has saturated (i.e. the gap has closed). This diagonal stripe begins at about

(40kW
m ,5G W d

M T ) and ends at about ( 5kW
m ,20G W d

M T ). We can deduce that large discretizations

errors will be present around the closing of the gap and potentially a convergence study

should be performed in order to design the optimum discretization in both Plin and Bu.
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The associated relative standard deviation (RSD) is illustrated in 4.5 with uncertainties up

to 60%occurring during the gap closure phase. These large uncertainties are due to the

gap width uncertainty that can affect signi�cantly the closure instance which constitutes a

strongly discontinuous effect.

Figure 4.6 shows the Spearman correlation coef�cients for when the depletion Plin is

20kW
m . The Spearman coef�cients are only computed between the Hgap at the different

Bu discretization steps and the four inputs (pellet outer radius, initial gap width, fuel and

cladding surface roughness) which were screened as in�uential by the HSIC indices. From

Figure 4.6 it can be seen that prior to closure (approximately: Bu <12.5G W d
M T ) the initial gap

width and to a lesser extent the initial fuel rod radius are the most in�uential parameters

upon the gap conductance. However, after gap closure (approximately: Bu >15G W d
M T ) it can be

seen that the most in�uential parameters upon the gap conductance are the fuel roughness

and to a lesser extent the cladding roughness. An interesting observation from this study is

that the Hgap can be separated statistically into two independent clusters, one before gap

closure and one after the gap closure. Because the uncertain inputs responsible for the

Hgap uncertainty in these two clusters are different and independent of each other the two

clusters are also independent. Additionally, the commonly employed practice of using one

uncertain multiplier for the gap conductance across all the depletion steps is deemed as

not consistent since there is no reason for the Hgap to be fully correlated before and after

the closure. Instead, a simpli�ed but more valid approach would be to sample at least two

independent multipliers for these two clusters.

In the �nal step of this case study the Hgap tables are sampled as an input parameter

within the thermal feedback code, here CTFFuel. This sampling will also recover the cor-

responding input parameters consistent with the sampled value of the gap conductance

such that they be used in the higher-�delity fuel performance code. Thus, the thermal

feedback code can compute the fuel temperature using the sampled gap conductance

values as its surrogate model (i.e. a parametric table) while the fuel performance code can

compute the reference fuel temperature (and gap conductance) using the input parameters

consistent with the sampled gap conductance. The values for the fuel temperature and

gap conductance for both the thermal feedback and fuel performance codes can then be

compared against each other.

For this study, power histories with constant Plin that was between the gridpoints de-

scribed in 4.1 were selected. For these depletions of 7.5 kW
m , 12.5kW

m , 17.5kW
m , 22.5kW

m , 27.5kW
m ,

32.5kW
m , and 37.5kW

m , 100 samples were generated. For every sample and each power history,
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Figure 4.4: The mean of the gap conductance (in W
m 2K )

at each (Plin ,Bu) gridpoint for the 200 random samples.

Figure 4.5: The RSD (in %) of the gap conductance at
each (Plin , Bu) gridpoint for the 200 random samples.

CTFFuel (with the sampled gap conductance) and FRAPCON (with the sampled inputs

in�uential to the gap conductance) were both run.

From Figures 4.7 and 4.8 it can see be seen that both of MTAB and UTAB are most

inaccurate in predicting the gap conductance itself during gap closure. However, outside
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Figure 4.6: Spearman correlation coef�cients when the depletion P lin is 20kW
m .

of the case of a depletion at 37.5kW
m , UTAB performs signi�cantly better than MTAB in

computing the gap conductance. Further, Figures 4.9 and 4.10 show more clearly how for

depletions at 17.5kW
m and 22.5kW

m UTAB results in an error 50-75% less than MTAB for the

gap conductance. This reduction in error occurs not just during the closure stage, but also

during the open- and closed- gap stages of the depletion.

Figures 4.11, 4.12, 4.13, and 4.14, show that the reduction in the error in the gap conduc-

tance does not translate directly to a reduction in the error in the fuel centerline temperature

(FCT) prediction. From Figures 4.11 and 4.12 the advantage which UTAB has over MTAB in

the FCT prediction largely disappears after reaching a burnup of about 15G W d
M T . Additionally,

there is little axial variation in the performance of both MTAB and UTAB except for at the

bottom and top axial nodes.

For all 100 copula-sampled code evaluations, the sample which resulted in the maxi-

mum fuel centerline temperature and fuel surface temperature is reported in Figures 4.13

and 4.14. From these cases, it can be seen that the improvement (of UTAB over MTAB) in

temperature prediction is largely before gap closure and amounts to 50K. The predictive
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Figure 4.7: RMSE of gap conductance (in %) predic-
tion by UTAB when compared to FRAPCON reference
result.

Figure 4.8: RMSE of gap conductance prediction (in
%) by MTAB when compared to FRAPCON reference
result.

capabilities after gap closure are less favorable with an improvement of 10K.
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Figure 4.9: Comparison of UTAB and MTAB perfor-
mance in gap conductance prediction for LH G R =
17.5kW

m .

Figure 4.10: Comparison of UTAB and MTAB perfor-
mance in gap conductance prediction for LH G R =
22.5 k

m .
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Figure 4.11: RMSE of the FCT prediction (in K) by
UTAB when compared to FRAPCON reference result
for LH G R = 17.5kW

m .

Figure 4.12: RMSE of the FCT prediction (in K) by
MTAB when compared to FRAPCON reference result
for LH G R = 17.5kW

m .
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Figure 4.13: Computed values for the maximum FCT
given multiple gap conductance models for LH G R =
17.5kW

m .

Figure 4.14: Computed values for the maximum FST
given multiple gap conductance models for LH G R =
17.5kW

m .
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CHAPTER

5

UTAB EXTENSION TO ACCOUNT FOR

HISTORICAL EFFECTS DURING

DEPLETION

The UTAB Hi2Lo method developed in Chapter 4 expands typical parametric tables for

the gap conductance to account for high �delity input uncertainties. These uncertainties

are propagated to the low �delity CTFFuel thermal feedback code. Traditionally, 2D tables

considered only instantaneous (linear power) as well as integral effects (burnup) of the

power history. This approach was used in the previous Chapter to develop and test the

UTAB method. In this chapter, UTAB is further expanded to 3D tables which also give

consideration to historical effects, as many power histories may result in the same cumula-

tive integral effects. Accounting for historical effects is of importance as real world power

histories are not constant depletions as previously studied in Chapter 4. Additionally, there

are signi�cant differences in the power histories of individual fuel rods based upon their

location within the core.
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5.1 Selection of Third Parameter

High-�delity gap conductance parametric tables should reproduce, from interpolation, the

exact value of the gap conductance as computed by BISON. A more accurate prediction

of the gap conductance value subsequently results in a more accurate prediction of the

fuel centerline temperature (FCT) which is a critical output in determination of regulatory

compliance. A more accurate prediction of the fuel surface temperature (FST) should also

occur. The fuel surface temperature id also important to safety because it is used in the

calculation of the effective Doppler temperature, the main neutronics feedback mechanism

during transients.

In this work, the traditional 2D tables created for approximating the gap conductance

are expanded in this work to 3D tables. The development of these novel 3D tables is based

on the identi�cation of a suitable third parameter that can account for different historical

effects. The various investigations to develop the 3D tables are carred out with the BISON

fuel performance code (instead of FRAPCON) to simulate the same fuel rod from the 2D

parametric table study in Chapter 4. The only modi�cation was to increase the heated

length to 3.6576 m and the plenum height to 0.254 m. A single axial slice has been used to

model the fuel stack.

The integration of these parametric tables into a low-�delity code allows for an increase

in modeling �delity without the computational expense running a high-�delity code for

every single fuel rod would require. The BISON fuel performance code models of the �ssion

gas release, pellet-cladding mechanical interaction (PCMI) and materials plasticity that are

not present in CTFFuel. However, all of these physics are pertinent to the gap conductance.

Thus, BISON will be used in order generate the parametric tables imported into CTFFuel.

Additional changes were made to the sampling intervals of uncertain inputs to make

the study more consistent with the TMI-1 fuel rod design from UAM Phase II benchmark

[2] that are shown in Table 5.1.

The novel 3D steady-state gap conductance lookup (parametric) tables should account

for historical effects not present in traditional 2D steady-state gap conductance lookup

tables that typically consider only the instantaneous linear power or linear heat generation

rate (LHGR) and the burnup (Bu), as seen in Equation 5.1. These 2D tables do not account

how the current Bu was arrived at and assume path-independence (power history indepen-

dence). This is not an accurate assumption as the cumulative �ssion gas release is highly

dependent upon the power history. The new 3D formulation is shown in Equation 5.2 with
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Table 5.1: Sampling distribution of uncertain input parameters.

Parameter Distribution
Cladding Thickness (m) N(7.4 � 10� 3,8.83� 10� 6)
Fuel Pellet Diameter (m) N(8.19 � 10� 3,6.67� 10� 6)
Fuel Pellet Density (%) N(93.8,0.5)

Pellet-Cladding Gap Width (m) N(8.5 � 10� 5,7.64� 10� 6)
Fuel Pellet Surface Roughness (m) N(2.0 � 10� 6,2.5� 10� 7)
Cladding Surface Roughness (m) N(1.0 � 10� 7,2.5� 10� 8)

Fill Gas Pressure (MPa) U(1.1,1.3)

g as the third parameter.

Hg ap = f (LH G R,Bu) (5.1)

Hg ap = f (LH G R,Bu ,g) (5.2)

Two parameter candidates were selected as the additional third parameter: the inter-

action and average terms. The interaction term is given in Equation 5.3 and the average

LHGR term is given in Equation 5.4.

g =

R
(LH G R Bud Bu)

R
(LH G Rr e f Bud Bu )

(5.3)

g =

R
(LH G Rd Bu)

R
(LH G Rr e f d Bu )

(5.4)

Here, it is assumed that LH G Rr e f = 20kW
m to normalize the parameters. The average

term is simple and intuitive since it represents the average LHGR seen by the fuel rod during

its depletion. The interaction term is a bit more nuanced and aims to weigh the LHGR

by the burnup of the fuel rod. This means that the same LHGR will be more important

at higher burnup. This term aims to capture non-linearities that occur at higher burnup

such as the PCMI and �ssion gas release. The parameters were tested on two sets of power

histories. One set was meant to represent a large variety of possible power histories. The

second set was meant to represent all realistic real-world power histories.
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5.1.1 Random Power Histories

The two candidates for the third parameter are evaluated on a large set of power histories

given in Table 5.2. For these power histories, each of [Pi ,Pi +1] represents the starting and

ending LHGR for each cycle, for which LHGR is linear as a function of time. At the end of

each cycle, the LHGR is instantaneously set to a value of LH G R = 20kW
m . This allows for

isolation of the third parameter effect because at the end of each cycle, the LHGR and Bu

are the same for all power histories. Figures 5.1, 5.2, and 5.3 show the value (computed by

BISON) of the gap conductance at the end of the �rst, second, and third cycles for the 18

power histories speci�ed in Table 5.2.

Table 5.3 lists the value of R2 (coef�cient of determination for a �tted linear model)

between the gap conductance and the proposed third parameter at end of each cycle.

It can be seen that for these "randomized" power histories, neither parameter performs

particularly well, but the interaction parameter in general performs better than the average

LHGR parameter. Both parameters have a smaller value of R2 for the end of the �rst and

third cycles while R2 is maximized for the end of the second cycle. The average LHGR term

suffers greatly from non-uniqueness.

5.1.2 Representative Power Histories

While the results for the randomized power histories do not show much promise for the

third parameter candidates, in reality, power histories tend to not be random and instead

share similar characteristics with each other. The third parameter does not need to be valid

for such a generalized domain. Figure 5.4 show power histories which were created as an

extremely coarse approximation of what could be considered "representative" of the power

histories of fuel rods in the High Burnup Effects Program [68]. From Figure 5.4, the power

histories generally have a LHGR which decreases with increasing Bu. Initial and �nal values

of the LHGR vary between these power histories as well as the rate of decrease of the LHGR.

For each of these power histories, at the end of each cycle (i.e. at 20,40,60G W d
M T ), the LHGR

is set to an instantaneous value of 20 kW
m and the gap conductance computed by BISON is

recorded. These gap conductance values as well as their associated third parameter values

are shown in Figures 5.5, 5.6, and 5.7. Figure 5.5 seems to indicate that neither parameter

candidate is well correlated with the gap conductance. However, both of Figures 5.6 and 5.7

seem to indicate that for both third parameter candidates, as the third parameter increases,
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Table 5.2: For a given power history (left column) the gap conductance (from BISON)
and the (pre-calculated) parameter candidates (interaction term �rst, then average LHGR
second in parenthesis) are given at the end of each of the three cycles.

[P1,P2]; [P3,P4]; [P5,P6] 20G W d
M T 40G W d

M T 60G W d
M T

[10,10];[20,20];[30,30] 39568.86(0.5)(0.5) 42131.37(0.875)(0.75) 4873.2(1.222)(1)
[10,10];[30,30];[20,20] 39568.86(0.5)(0.5) 12640.01(1.25)(1) 12474.4(1.111)(1)
[20,20];[10,10];[30,30] 44830.98(1)(1) 45714.54(0.625)(0.75) 4868.852(1.111)(1)
[20,20];[30,30];[10,10] 44830.98(1)(20) 12537.62(1.375)(25) 13289.5(0.889)(20)
[30,30];[10,10];[20,20] 35979.85(1.5)(1.5) 36630.01(0.75)(1) 24722.93(0.889)(1)
[30,30];[20,20];[10,10] 35979.85(1.5)(1.5) 34599.95(1.125)(1.25) 34475.46(0.778)(1)
[10,20];[20,20];[20,30] 44750.07(0.833)(0.75) 41690.98(0.9583)(0.875) 6365.888(1.1296)(1)
[30,20];[20,20];[20,10] 44506.66(1.167)(1.25) 40286.15(1.04167)(1.125) 36050.95(0.87037)(1)
[20,30];[30,30];[30,20] 37824.41(1.333)(1.25) 12261.73(1.4583)(1.375) 9738.437(1.333)(1.333)
[10,30];[30,30];[30,10] 38924.45(1.167)(1) 12345.89(1.4167)(1.25) 11103.16(1.167)(1.167)
[30,10];[10,10];[10,30] 45327.54(0.833)(1) 45556.59(0.5833)(0.75) 6891.166(0.833)(1.833)
[20,10];[10,10];[10,20] 44702.22(0.667)(0.75) 45714.41(0.54167)(0.625) 30918.73(0.667)(0.667)
[10,30];[10,30];[10,30] 38924.45(1.167)(1) 16432.15(1.0833)(1) 6778.789(1.056)(1)
[30,10];[30,10];[30,10] 45327.54(0.833)(1) 35153.64(0.9167)(1) 14611.48(0.944)(1)
[30,10];[10,30];[30,10] 45327.54(0.833)(1) 16993.06(1)(1) 12712.49(0.9815)(1)
[10,30];[30,10];[10,30] 38924.45(1.167)(1) 33009.76(1)(1) 6788.563(1.0185)(1)
[30,10];[10,30];[20,20] 44830.98(0.833)(1) 16993.06(1)(1) 15952.59(1)(1)
[20,20];[30,10];[10,30] 44830.98(1)(1) 35115.47(0.9583)(1) 6823.713(1)(1)
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Figure 5.1: Gap conductance as a function of the parameter candidates at 20 G W d
M T .

Table 5.3: The strength of the correlation between each of the candidate parameters and
the gap conductance at the end of each cycle.

R2 Average LHGR Interaction
20 G W d

M T 0.11 0.29
40 G W d

M T 0.44 0.67
60 G W d

M T 0.08 0.43

the gap conductance decreases. In general, there appears to be a threshold at g = 0.7 after

which the gap conductance decreases while it is approximately constant-valued (about

40000 W
m 2K ) for g < 0.7.

These observations are further af�rmed in Table 5.4 in which both third parameter

candidates show the same behavior at the end of all three cycles. Both parameter candidates

show good performance for the end of the second and third cycles (with the interaction

parameter performing slightly better) and this motivates the further study of both of them

for usage in gap conductance parametric tables.
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Figure 5.2: Gap conductance as a function of the parameter candidates at 40 G W d
M T .

Table 5.4: The strength of the correlation between each of the candidate parameters and
the gap conductance at the end of each cycle.

R2 Average LHGR Interaction
20 G W d

M T 0.0 0.0
40 G W d

M T 0.78 0.86
60 G W d

M T 0.75 0.88

5.1.3 3D Table Generation Approach

Table generation allows for these novel parametric tables to be generated easily and used

for either proposed third parameter. First, a set of depletion LHGRs, instantaneous LHGRs,

and Bu are selected. The set of depletion LHGRs allows for easily computing either of the

third parameters in Equations 5.4 and 5.3 as LHGR in the numerator is constant-valued.

While some other method may be more accurate here (such as a set of LHGR beginning

and end points with constant decrease in LHGR as a function of time or Bu) given the
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Figure 5.3: Gap conductance as a function of the parameter candidates at 60 G W d
M T .

Figure 5.4: Simpli�ed representative power histories.
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Figure 5.5: Gap conductance as a function of the parameter candidates at 20 G W d
M T .

characteristics of the selected power histories, this method allows for usage by either third

parameter (the grids will be the same) and it is easy to develop and implement.

For each constant depletion, for each Bu of interest, the depletion up to the Bu of

interest occurs, then over 0.1 days the power is ramped to the instantaneous LHGR of

interest and then the power is held constant for 0.1 days. The value of the gap conductance

after the power has been held constant for 0.1 days is the recorded gap conductance. Only

a single instantaneous LHGR is ramped to once the Bu of interest is reached, afterwards, an

entirely new simulation takes place to capture the gap conductance at the next gridpoint.

Innovation here could allow for capturing the same number of gridpoints with a smaller

number of simulations.

5.2 UTAB with 3D Tables

The uncertainty quanti�cation procedure in UTAB from Chapter 4 is agnostic to the number

of parameters and can be fully integrated with the novel parametric tables described here
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Figure 5.6: Gap conductance as a function of the parameter candidates at 40 G W d
M T .

through:

Hg ap = f (LH G R,Bu ,g ,X ) = f0(LH G R,Bu ,g)+

� (LH G R,Bu ,g ,X )
(5.5)

The �rst step of UTAB is performing an initial screening sensitivity analysis by computing

HSIC indices. FRAPCON 4.0 code is used for this step. In addition to uncertainties in

materials, manufacturing, and geometric properties such as in 5.1, uncertainties in physics

models (shown in Table 5.5) are also included here.

Figures 5.8 and 5.9 shown that Bu and not the instantaneous LHGR is more in�uential

on determining which (and when) of the varying input parameters is most in�uential.

In general, the �ssion gas release physics model, cladding creep physics model, the fuel

surface roughness and the inital gap width are the most in�uential input parameters upon

the gap conductance.

The BISON fuel performance code was then used to perform random sampling of the

four input parameters found to be in�uential by FRAPCON 4.0 and also the fuel grain size,
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Figure 5.7: Gap conductance as a function of the parameter candidates at 60 G W d
M T .

Table 5.5: Sampling distribution of uncertain physics models for FRAPCON.

Physics Model Distribution
Fuel Thermal Conductivity Multiplier N(1.0,0.088)
Fuel Thermal Expansion Multiplier N(1.0,0.103)

Fission Gas Release Diffusion Coef�cient Multiplier Lognormal(1.0,1.0)
Fuel Swelling Multiplier N(1.0,0.14)

Cladding Creep Multiplier N(1.0,0.145)
Cladding Axial Growth Multiplier N(1.0,0.223)

Cladding Corrosion � = 15.3� m
Cladding Hydrogen Pickup � = 94ppm

based upon expert opinion [30] which found both of the fuel grain size and fuel density

(which itself was not found to be in�uential here) in�uential upon the �ssion gas release.

While the fuel grain size is used in some FRAPCON models, it is not readily accessible as

a user input. The fuel grain size is important in BISON �ssion gas release and thus has
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Figure 5.8: The HSIC indices of the uncertain input param-
eters with respect to the gap conductance as a function of
Bu during a depletion with constant LH G R = 10kW

m .

Figure 5.9: The HSIC indices of the uncertain input param-
eters with respect to the gap conductance as a function of
Bu during a depletion with constant LH G R = 30kW

m .
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been included as one of the �ve parameters which will be perturbed in BISON for the

purpose of computing the Spearman correlation matrices at each (LHGR,Bu,g) gridpoint.

This constitutes the second step of the UTAB approach. Table 5.6 shows the sampling

intervals for uncertainty propagation in BISON.

Table 5.6: Sampling distribution of uncertain input parameters and models for BISON.

Parameter Distribution
Pellet-Cladding Gap Width (m) N(8.5 � 10� 5,7.64� 10� 6)

Fuel Grain Size (m) N(2.0 � 10� 5,6.0� 10� 6)
Fuel Pellet Surface Roughness (m) N(2.0 � 10� 6,2.5� 10� 7)
Cladding Creep Scaling Multiplier N(1.0,0.14)

Diffusion Coef�cient Scaling Multiplier Lognormal(1.0,1.0)

BISON was �rst run to collect the gap conductance for the nominal values of the input

parameters for the grid de�ned in Equation 5.6

eP = 3;5 � LH G R[
kW

m
] � 35

eB = 2.0;0� Bu [
G W d

M T
] � 60

eg = 0.25;0.25� g � 1.75

(5.6)

With eP , eB , and eg the size of the LHGR, Bu, and g discretization steps respectively. Both

UO2 and MOX fuel rod designs were considered. A convergence study was performed to

evaluate the impact of the different parameters. It was found that the convergence of the

simulation was largely dependent if both of Bu and g were large and not dependent upon

the instantaneous LHGR. Table 5.7 summarizes the results of these convergence tests.

Once the converged grid tables for the nominal results were collected, a set of 100

random samples of the inputs shown in Table 5.6 were simulated in BISON. Figures 5.10,

5.11, and 5.12 show the relative standard deviation (RSD) in the gap conductance as a

function of the instantaneous LHGR and Bu for depletion LHGRs of 10kW
m , 20kW

m , and 30kW
m .

It can be seen that as in FRAPCON, uncertainty propagation in BISON results in the largest

RSD in the characteristic diagonal stripe region representing gap closure. A larger RSD is
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Table 5.7: Sampling distribution of uncertain input parameters and models.

g 0.25 0.5 0.75 1.0 1.25 1.5 1.75
U O2 all all all all up to 52.0 G W d

M T up to 40.0 G W d
M T up to 30.0 G W d

M T

MOX all all all all up to 48.0 G W d
M T up to 36.0 G W d

M T up to 26.0 G W d
M T

also reported in the region with a higher depletion LHGR and higher Bu.

Figure 5.10: The RSD (in %) of the gap
conductance as a function of the instan-
taneous LHGR and Bu for a depletion
LHGR of 10kW

m .

Figure 5.11: The RSD (in %) of the gap
conductance as a function of the instan-
taneous LHGR and Bu for a depletion
LHGR of 20kW

m .

The evaluated 100 samples were used next to compute the Spearman correlation matrix

(which is composed of the Spearman correlation coef�cients between the in�uential inputs

and the gap conductance at each grid point). It is illustrative to plot them as a function of

burnup for each depletion LHGR, with the instantaneous LHGR simply set the same as the

depletion LHGR. As can be seen from Figures 5.13, 5.14, and 5.15 the initial gap width and

gas diffusion coef�cient are more in�uential on the gap conductance prior to gap closure

while the fuel roughness, cladding creep, and fuel grain size are more in�uential on the

gap conductance after gap closure. The depletion LHGR does not in�uence which inputs

are in�uential and thus there is no need to examine many slices of the data with different
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Figure 5.12: The RSD (in %) of the gap conductance as a function of the instantaneous
LHGR and Bu for a depletion LHGR of 30 kW

m .

instantaneous LHGRs.

Figure 5.13: The Spearman correlation coef�cients when the depletion LHGR is 10 kW
m .
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Figure 5.14: The Spearman correlation coef�cients when the depletion LHGR is 20 kW
m .

The gap conductance may be sampled consistently with the varying inputs parameters

using the same methodology described in Chapter 4 based on Gaussian Copulas. The

sampled gap conductance table (intermediate quantity) is implemented in the low-�delity

code CTFFuel while the high-�delity Bison code is run using the sampled varying input

parameters (i.e. the ones found to be in�uential upon the gap conductance). It is important

thus to test the generated tables and evaluate their performance by comparing the CTFFuel

and Bison results.

Before diving into these comparisons we de�ned four different grid tables to be com-

pared:

• 3D coarse represents a novel 3D grid with coarse discretization in the parameters as

de�ned by Equation 5.6.

• 3D �ne represents a novel 3D grid with �ne discretization in the parameters as de�ned

by Equation 5.7.
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Figure 5.15: The Spearman correlation coef�cients when the depletion LHGR is 30 kW
m .

• 2D coarse represents a traditional 2D grid with coarse discretization in the parameters

as de�ned by Equation 5.8.

• 2D �ne represents a traditional 2D grid with �ne discretization in the parameters as

de�ned by Equation 5.9.

These discretizations have been selected such that "3D Coarse" and "2D Fine" grids

have the same number of computational cells. Additionally, the comparisons across the

four tables will allow to distinguish the impact of the discretization from the impact of the

third parameter.

eP = 1;5 � LH G R[
kW

m
] � 35

eB = 1.0;0� Bu [
G W d

M T
] � 60

eg = 0.25;0.25� g � 1.75

(5.7)

71



eP = 3;5 � LH G R[
kW

m
] � 35

eB = 2.0;0� Bu [
G W d

M T
] � 60

(5.8)

eP = 1;5 � LH G R[
kW

m
] � 35

eB = 1.0;0� Bu [
G W d

M T
] � 60

(5.9)

5.3 UTAB 3D Evaluation

The utility of adding a third parameter to gap conductance parametric tables to account for

historical effects was tested by simulating in BISON the power histories shown in Figure 5.16.

The series of reference power histories shown in Figure 5.16 was created from data from

the High Burnup Effects Program [68]. The power histories were modifying by assuming

a constant LHGR between listed values of the Bu and that for each fuel rod, an axially-

averaged value of the LHGR would be considered. Thus, all BISON simulations only require

a single axial slice for an axially-uniform power boundary condition.

From 5.16, the reference power histories can be characterized as generally (1) having

an initial LHGR of 15� 30kW
m (2) the LHGR staying constant or slowly declining with small

oscillations until reaching a burnup of 20 � 25G W d
M T (3) the LHGR slowly declining until

reaching a terminal value of 10� 15kW
m at a burnup of 40� 60G W d

M T . From these complex power

histories, Figure 5.17 shows the power histories selected as representative for evaluating

the UTAB 3D tables. Further, Figures 5.18 and 5.19 show the value of the average LHGR

term for the power histories in Figures 5.16 and 5.17 respectively while Figures 5.20 and

5.21 show the value of the Bu-LHGR interaction term for the power histories in Figures 5.16

and 5.17.

Figures 5.22, 5.23, 5.24, 5.25, 5.26, and 5.27 show the gap conductance prediction by

BISON for the selected reference power histories shown in 5.17 alongside the linear in-

terpolation values of the gap conductance for the coarse and �ne 2D and 3D (average

LHGR) gap conductance parametric tables. The root-mean-square-error (RMSE) is given

in the plot legends. From Figures 5.22, 5.23, 5.24, 5.25, 5.26, and 5.27 it can be seen that the

discretization re�nement of either of the 2D or 3D parametric tables typically offers not

much further improvement in prediction of the gap conductance value. On the other hand,
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Figure 5.16: Modi�ed HBEP power histo-
ries.

Figure 5.17: Selected modi�ed HBEP power
histories.

Figure 5.18: Modi�ed HBEP power histories
for the average term.

Figure 5.19: Selected modi�ed HBEP power
histories for the average term.

the use of 3D over 2D parametric tables typically results in a error reduction of 20% to 80%

in the gap conductance. It can be thus concluded that the third parameter is important

for correctly representing complex real-world power histories that deviate from a constant

linear power. The selected discretization for further studies will be thus the "3D coarse"

since the �ne discretization does not provide a signi�cant improvement. It is important to

mention that the results for the MOX fuel are similar to the U O2 and thus not presented for

brevity.

So far, only the MTAB (for 3D) results have been evaluated. The UTAB evaluation is

conducted for the "3D coarse" table and for both UO 2 and MOX. Samples are drawn for the
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Figure 5.20: Modi�ed HBEP power histories
for the interaction term.

Figure 5.21: Selected modi�ed HBEP power
histories for the interaction term.

Figure 5.22: Gap conductance prediction
comparison, UO 2 irradiated according to
power history “1”.

Figure 5.23: Gap conductance prediction
comparison, UO 2 irradiated according to
power history “7”.

identi�ed important inputs and the associated gap conductance tables. The inputs and

the tables are fed into CTFFuel and Bison and the obtained results are compared between

the codes and with the results of using only the MTAB tables in CTFFuel. Additionally, the

use of the dynamic gap conductance modeling in CTFFuel is also compared. From the

available results, the effect of the gap conductance on fuel temperature is examined.

Figures 5.29, 5.31, 5.33, 5.35, 5.37, and 5.39 show the average RMSE state at each state-

point for each low-order method's prediction of the fuel centerline temperature compared

to the BISON calculation. Lastly, Figures 5.28, 5.30, 5.32, 5.34, 5.36, and 5.38 show the av-
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Figure 5.24: Gap conductance prediction
comparison, UO 2 irradiated according to
power history “13”.

Figure 5.25: Gap conductance prediction
comparison, UO 2 irradiated according to
power history “19”.

Figure 5.26: Gap conductance prediction
comparison, UO 2 irradiated according to
power history “25”.

Figure 5.27: Gap conductance prediction
comparison, UO 2 irradiated according to
power history “31”.

erage RMSE state at each statepoint for each low-order method's prediction of the fuel

surface temperature compared to the BISON calculation. Tables 5.8-5.15 report (averaged

over all 36 power histories) the RMSE in the gap conductance as well as the fuel centerline,

fuel surface, and fuel feedback temperatures. It can be seen that the UTAB method for both

UO2 and MOX fuel results in a minimal improvement in the fuel centerline temperature

but a moderate improvement in the fuel surface temperature, resulting in (on average)

an improvement in the Rowlands temperature prediction by about 10K compared to the
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dynamic gap conductance modeling. This represents about a 30� 35%improvement as

for UO 2 fuel, UTAB typically results in an RMSE of 20K while the dynamic model results

in an RMSE of about 30K . For MOX fuel, these numbers are closer to 25K and 35, respec-

tively. It can also be seen that while UTAB improves the gap conductance prediction for the

50� 60G W d
M T subdomain, the prediction in fuel temperatures worsens. However, very few

of the power histories (as seen in Figure 5.16) reach this burnup, and thus overall UTAB

results in an improvement in fuel (feedback) temperature prediction. The reason that UTAB

performs poorly at very high burnup is that while BISON can easily converge for conditions

of high depletion LHGR and high Bu for nominal values, it is much more dif�cult to achieve

the same with BISON for 100 evaluations with sampled uncertain inputs. Since the UTAB

method requires all samples to converge, for gridpoints where this is not the case, the

gridpoint is then simply removed. Thus in the domain of high depletion LHGR, high Bu, the

computed gap conductance is likely extrapolating from a much further away Bu grid value

for UTAB than for MTAB, leading to a poorer performance for UTAB. For this reason it is

recommended to avoid reaching extrapolation domains. This can be achieved by enlarging

the UTAB grid point ranges if allowed by the code (convergence).

Figure 5.28: Fuel surface temperature pre-
diction comparison, UO 2 irradiated accord-
ing to power history “1”.

Figure 5.29: Fuel centerline temperature
prediction comparison, UO 2 irradiated ac-
cording to power history “1”.

76



Table 5.8: For all power histories, the RMSE in the gap conductance (in W
m 2� K ) for UO 2 is

given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 2088 13812 13169 8992 10082 12326 10756
UTAB 944 6554 8788 4316 6813 8934 6243

Dynamic 1993 22138 37783 35324 24601 36462 29154

Table 5.9: For all power histories, the RMSE in the fuel centerline temperature (in K) for
UO2 is given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 33.14 46.04 43.43 35.99 34.89 37.77 39.58
UTAB 24.82 35.29 35.71 30.54 27.33 38.43 31.83

Dynamic 27.24 34.22 43.04 25.84 29.55 44.77 33.49

Table 5.10: For all power histories, the RMSE in the fuel surface temperature (in K) for UO 2

is given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 19.17 22.10 17.29 12.36 11.91 13.04 17.15
UTAB 12.59 12.99 11.17 7.37 9.54 23.82 11.21

Dynamic 17.44 33.07 39.97 26.16 14.89 16.40 29.49

Table 5.11: For all power histories, the RMSE in the Rowlands temperature (in K) for UO 2

is given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 25.22 32.37 28.68 22.62 21.70 22.90 26.73
UTAB 17.89 22.67 21.86 17.51 15.74 27.93 19.86

Dynamic 21.50 32.91 40.13 24.08 19.43 28.65 29.98

Table 5.12: For all power histories, the RMSE in the gap conductance (in W
m 2� K ) for MOX is

given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 3745 14913 13840 10234 9733 11368 11531
UTAB 1273 6418 7504 4100 4873 4489 5445

Dynamic 3142 23255 36197 31753 25393 41423 27996
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Table 5.13: For all power histories, the RMSE in the fuel centerline temperature (in K) for
MOX is given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 61.52 65.39 55.06 36.00 27.96 21.98 51.94
UTAB 55.04 53.33 44.06 28.24 18.02 13.69 42.75

Dynamic 59.02 39.67 49.66 28.65 27.22 28.86 42.99

Table 5.14: For all power histories, the RMSE in the fuel surface temperature (in K) for
MOX is given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 22.62 25.08 22.06 16.18 15.64 14.67 20.81
UTAB 12.67 14.05 13.21 8.84 9.10 8.29 11.87

Dynamic 18.54 32.29 40.60 26.74 18.69 20.43 30.04

Table 5.15: For all power histories, the RMSE in the Rowlands temperature (in K) for MOX
is given for the entire burnup domain and subdomains of interest.

Method 0 � 10G W d
M T 10� 20G W d

M T 20� 30G W d
M T 30� 40G W d

M T 40� 50G W d
M T 50� 60G W d

M T 0 � 60G W d
M T

MTAB 38.50 42.09 36.22 24.60 20.90 17.85 33.87
UTAB 31.14 31.06 26.47 17.20 12.45 10.52 25.14

Dynamic 35.24 32.39 42.65 26.36 22.00 24.12 33.45
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Figure 5.30: Fuel surface temperature pre-
diction comparison, UO 2 irradiated accord-
ing to power history “7”.

Figure 5.31: Fuel centerline temperature
prediction comparison, UO 2 irradiated ac-
cording to power history “7”.

Figure 5.32: Fuel surface temperature pre-
diction comparison, UO 2 irradiated accord-
ing to power history “13”.

Figure 5.33: Fuel centerline temperature
prediction comparison, UO 2 irradiated ac-
cording to power history “13”.

5.4 Steady State: Multiphysics For Fresh Fuel State

The previous studies have focused on developing and testing the UTAB 3D tables on single

fuel rods with a user-prescribed power boundary condition. Here, larger geometries (mul-

tiple rods) are studied with a multi-physics modeling. The thermal hydraulic code (CTF)

with its thermal solver (CTFFuel) is coupled with the neutronics code system PROTEUS

which provides CTF and CTFFuel with the power distribution. Because UTAB 3D tables
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Figure 5.34: Fuel surfaqce temperature pre-
diction comparison, UO 2 irradiated accord-
ing to power history “19”.

Figure 5.35: Fuel centerline temperature
prediction comparison, UO 2 irradiated ac-
cording to power history “19”.

Figure 5.36: Fuel surface temperature pre-
diction comparison, UO 2 irradiated accord-
ing to power history “25”.

Figure 5.37: Fuel centerline temperature
prediction comparison, UO 2 irradiated ac-
cording to power history “25”.

were developed for CTFFuel, their usage in the multi-physics calculations is straightforward

since CTFFuel is embedded within CTF.

Two different multi-physics problems are studied based on the C5G7 benchmark [67]:

a simpli�ed 3x3 pin-cell problem and the full C5G7 problem. The parametric tables used

in the multi-physics studies are the same coarse-grid, three dimensional ones from the

previous studies. Both problems assume that all fuel pins are at fresh fuel conditions.

For these problems and due to the presence of a UO 2 and three different MOX fuel rods,
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Figure 5.38: Fuel surface temperature pre-
diction comparison, UO 2 irradiated accord-
ing to power history “31”.

Figure 5.39: Fuel centerline temperature
prediction comparison, UO 2 irradiated ac-
cording to power history “31”.

CTF has been updated to allow for a different set of parametric gap conductance tables for

each fuel rod design. Because plutonium content was not found to be in�uential upon the

gap conductance, all MOX fuel rod designs make use of the same set of parametric tables.

Further, while the Amaya fuel thermal conductivity model is the only one which accounts

for the plutonium content, its range of valid temperatures do not encompass all which

may appear in these problems. Speci�cally, for the C5G7 problem, it was decided to set

the nominal power level such that the maximum FCT would be very close to 2000K which

is the suggested limitation for steady-state operations in the WB-1 benchmark. Thus, the

Duriez-Ronchi model will continue to used for the MOX fuel thermal conductivity.

In CTF, each axial slice of each heat solid conductor (nuclear fuel rods as well as air-�lled

electric heaters) can be assigned the boundary condition (LH G R,Bu ,g). The LHGR is

initialized as uniform radially and sinusoidal axially for all pin-cells. Additionally, for this

problem (Bu,g) =(0,0) for all axial slices, for all heated solid conductors. While both of the

gap width is recoverable (the fuel roughness is only accessible in CTFFuel, and not CTF)

using the copula-based sampling approach, only the nominal value is used in multi-physics

calculations.

Uncertainty propagation is performed with the samples drawn by (1) copula-based

approach for gap conductance sampling (2) from assigned probability distributions for

thermal-hydraulics modeling as well as global inputs. For the C5G7 problem, the gap

conductance for each MOX fuel rod design is sampled separately (it is assumed all MOX
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fuel rods of the same design have been manufactured in a highly correlated way), with each

sample being independent.

For the small 3x3 problem, the PROTEUS-MOC code is used by itself while for the

C5G7 problem, the neutronics iterative scheme (iterates between PROTEUS-MOC and

PROTEUS-NODAL) has been implemented. PROTEUS reports the total power in each at

each axial level, for each pin-cell. After the �rst outer iteration, this acts as an input to

the CTF code system. Likewise, CTF reports the (mass-averaged) moderator density, the

moderator temperature, and Rowlands temperature at each axial level for each pin-cell. In

the standard CTF output �le, the fuel temperatures are de�ned at the middle of each axial

level and these values are reported in the output. On the other hand, the moderator values

are reported at the boundaries of each axial level and the reported value at the center of the

axial level is derived from averaging the values in the boundaries above / below it.

5.4.1 3x3 Pin-Cell Problem

The 3x3 problem features a 2.0m long micro core (shown in Figure 5.40) with vacuum

boundary conditions (neutrons are not re-entrant) in the radial and axial directions. The

central guide tube has water entering it at the same rate as the other 16 subchannels which

comprise the problem geometry. The subchannel at the center of the guide is connected

to each of the four subchannels surrounding it by an unheated conductor. The unheated

conductor inherits the thermal conductivity of Zircaloy cladding. When determining the

wetted perimeter of each subchannel, it assumed that the outermost 12 subchannels are

bounded by an insulating wall. Additionally, the centroid of each subchannel is assumed to

be at the center of its bounding box. However, for the interior subchannels with both fuel

rods and tubes at their corners, the centroid is actually slightly displaced from the center

of the bounding box. Additionally, for the 3x3 problem, it is assumed that at the top and

bottom of all conductors, that the linear heat rate vanishes to 0 kW
m .

Convergence criterion for the multi-physics calculations are a series of single physics

convergence criteria. The convergence of the 3x3 problem is is determined by the compari-

son of consecutive solutions. Two possible metrics for measuring the change in solution

between outer iterations are given in Equations 5.10 and 5.11.

L1 = s up((x k +1
i j � x k

i j )=x k
i j ) (5.10)
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Figure 5.40: The 3x3 pin-cells problem. "0" is a water-�lled guide tube while "1", "3", "7",
and "9" are UO 2 and "2", "4", "6", and "8" are MOX. The MOX fuel rods have 4.3% plutonium
content but otherwise share the mechanical design of the UO 2 fuel rods.

L1 =
1

n
� l =n

l =1 j((x k +1
i j � x k

i j )=x k
i j )j (5.11)

Where:

i = Radial (Corewide) Position

j = Axial (Corewide) Position

k = Outer Iteration Number

l = Current Computational Cell

n = Total Computational Cells

Both of Equations 5.10 and 5.11 are applicable to the fuel and moderator feedback tem-

peratures. No convergence criteria was placed on the moderator density for these studies.

All coupled calculations shown here did make use of L1 norms to check if convergence

had been reached.

For nominal conditions (except the total power), the 3x3 problem is simulated and

Figure 5.41 gives the value of L1 between the current outer iteration and the previous

outer iteration. From Figure 5.41 it can be seen that there is larger (as measured by the
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L1 norm in the change in the Rowlands temperature solution) relative change in the fuel

temperature when the total core power is higher and when the axial discretization is coarser,

for the �rst comparison in the global iteration. However, the rate of convergence behavior

is more complex. The L1 norm (normalized here by the number of entries in the Rowlands

temperature vector) provides a less conservative measure of convergence and is seen in

Figure 5.42. The L1 norm as de�ned here has slightly lower values than the L1 norm but

otherwise follows the same general behaviors.

From Figures 5.43, 5.44, 5.45, and 5.46 it can be seen that the converged fuel temperature

is maximized slightly before half way up the 8 pin-cells. Additionally, it can be seen that

all of the UO 2 fuel is of the same temperature and all of the MOX fuel is at the same fuel

temperature. This is as expected and is due to both the fuel thermal conductivity and the

problem symmetry. The peak pin-cell averaged fuel temperature (here, the temperature

simply-averaged over all radial nodes is reported) for the cases with a globally-averaged

LHGR of 10kW
m is between 850 and 900 K while for the cases with a globally-averaged LHGR of

20kW
m it is just under 1200 K. This behavior is also as expected. A total core power of 160kW

was required to achieve a globally-averaged LHGR of 10k w
m while 320kW was required to

achieve 20kW
m .

An uncertainty quanti�cation study was carried out using a total of 50 samples for the

gap conductance as well as the global inputs de�ned in Table 5.16 were taken using the

NEAMS Workbench to drive both a custom Python script for the gap conductance sampling

and DAKOTA for the other uncertain inputs. From 5.16 it can be seen that the other inputs

will be the total power (PROTEUS only computes the relative distribution of the power),

thermal hydraulics inlet boundary conditions, and parameters for the rod friction model.

The sampling intervals were either adjusted from UAM speci�cations or in the case of

the rod friction model, calibrated in a parallel study using data from the Nek5000 spectral

element code.

Table 5.16: Uncertainty quanti�cation inputs for the 3 � 3 problem.

Common Inputs Fuel Performance
Inlet Temperature U (560,562) � K Gap Width N (8.5e-5,7.64e-6) m

Inlet Mass Flux N (3460,17.3) kg
m2s Fuel Roughness N (2.0e-6,2.5e-7) m

Total Power N (320,16) kW Grain Size N (2.0e-5,6.0e-6) m
Inlet Pressure N (155.1,0.517) bar Cladding Creep Multiplier N (1.0,0.14)

Thermal-Hydraulics Fission Gas Release Multiplier Lognormal (1.0,1.0)
Friction B ( p =5) N (18.797,0.941)
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Figure 5.41: The L1 norm of the absolute value of the relative change in the 3D fuel
temperature distribution.

Figures 5.47 and 5.48 show the axially-averaged mean of and the standard deviation

in the Rowlands temperature for these samples. From Figure 5.47, it can be seen that the

Rowlands temperature is clustered by fuel rod type. This is due to both the difference in

the power predicted by PROTEUS in each fuel rod as well as the difference in the fuel

thermal conductivity modeling for UO 2 and MOX. Next, from Figure 5.48 it be seen that the

uncertainties in the inputs lead to typical values of the standard deviation of the Rowlands

temperature of about 10 � 25K throughout all 8 fuel rods of the 3x3 problem.

Next, in Figures 5.49 and 5.50 the empirical cumulative distribution function of the

maximum (local) Rowlands temperature in the entire problem is given and contrasted with

a normal distribution. In the Q-Q plot, the dots do not line up well along the line and the

ECDF is not shaped like a normal distribution-it may multimodal with a smaller mode on

either the left-hand-side or the right-hand-side or the distribution is at least skewed to the

right overall.

Lastly, the Spearman correlation indices between the uncertain inputs and the (radially-

averaged) mean Rowlands temperature was computed at each axial level in the fuel region,

as shown in Figure 5.51. The total power is by far the most in�uential input while the UO 2
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Figure 5.42: The L1 norm of the absolute value of the relative change in the 3D fuel tem-
perature distribution.

Figure 5.43: Axial distribution of the fuel
temperature for a globally-averaged LHGR
of 10 kW

m and discretization of 4 axial slices.

Figure 5.44: Axial distribution of the fuel
temperature for a globally-averaged LHGR
of 10 kW

m and discretization of 8 axial slices.

and MOX fuel rod fabrication gap thicknesses are also very in�uential. This is consistent

with the gap conductance and thus the Rowlands temperature being very sensitive to the

gap thickness for fresh fuel, as studied in this problem. This is con�rmation that the original
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Figure 5.45: Axial distribution of the
fuel temperature for a globally-averaged
LHGR of 20kW

m and discretization of 4 ax-
ial slices.

Figure 5.46: Axial distribution of the
fuel temperature for a globally-averaged
LHGR of 20kW

m and discretization of 8 ax-
ial slices.

Figure 5.47: Radial distribution of the
mean Rowlands temperature for the 3x3
problem.

Figure 5.48: Radial distribution of the
Rowlands temperature standard devia-
tion for the 3x3 problem.

BISON inputs have been sampled consistently with the gap conductance itself and illustrate

how high �delity input uncertainties can be propagated to safety outputs of interest using

Hi2Lo approaches.
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Figure 5.49: Q-Q plot of the empirical
Rowlands temperature distribution as well
as the hypothetical normal distribution.

Figure 5.50: Empirical cumulative distri-
bution function of the maximum Rowlands
temperature.

Figure 5.51: Radially-averaged Spearman indices as a function of height.

5.4.2 C5G7 Full Core Problem

In this case study, the full core modeling of the C5G7 benchmark problem [67] has taken

place. The C5G7 benchmark problem features a much larger geometry, more fuel rod types,

air-�lled instrument tubes, as well as radial and axial re�ectors. Top and side views of the

problem geometry and material composition are shown in Figures 5.52 and 5.53 respec-

tively. C5G7 was originally intended as a neutronics benchmark and many assumptions

have been made about the fuel performance and thermal hydraulics modeling details. A
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Figure 5.52: Top down view of a quarter-
core of the C5G7 benchmark problem.

Figure 5.53: Side view of a quarter-core
of the C5G7 benchmark problem.

major difference in the modeling compared with the 3x3 problem is that the subchannels

representing �ow through guide tubes are not connected to the surrounding subchannels

by either unheated conductors or gaps. However, their contribution to the pin-cell level

moderator temperature and density is still accounted for. Additionally, the outermost sub-

channels of the fuel region are connected to the radial re�ector region by gaps and not

unheated conductors. The use of unheated conductors in this problem was found to reduce

the time step to be so small to be unacceptable even for a single nominal calculation, much

less the many calculations needed in uncertainty propagation. There is also ambiguity in

the physical interpretation of the C5G7 problem and if from that perspective it should be

connected to the radial re�ector by gap or unheated conductors. A review of similarly sized

research reactors was found to be inconclusive. In the top axial re�ector, gradients in the

moderator temperature and density can be observed in the �rst �ve or so subchannels

away from the region directly above the fuel. This is an interesting result and should be

examined further with code-to-code comparisons. For the radial re�ector regions, they

were modeled with a single subchannel for each pin-cell discretization. The outermost

subchannels were assumed to be touching a wall which bounds them. For subchannels not

actually in contact with any solid, the wetted perimeter was set to the fuel rod gap width
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size, as a nominal value close to zero. For subchannels just outside the fuel region, the

wetted perimeter was assumed to be along the interface with the subchannel(s) in the fuel

region.

It was desired that the maximum FCT for the entire C5G7 problem was less than that

speci�ed in the Watts Bar 1 speci�cations for steady state operations [69]. It was found that

allocating 300M W to each quarter core results in a maximum FCT 100 to 200 K lower than

the speci�cations. This resulted in some local LHGR well in excess of 35 kW
m due to the high

power-peaking ( Fq ) of the small, highly heterogeneous C5G7 benchmark problem.

Previously, the gap conductance parametric tables had been created to have a domain

of LH G R = [5,35] kW
m . However, due to the high power peaking of the small and highly

heterogeneous C5G7 problem, local LHGR may be as high as high as 50kW
m . Thus, the tables

were modi�ed so that for Bu = 0G W d
M T , the gap conductance was evaluated for LHGR as high

as 65kW
m . Figure 5.54 shows the gap conductance as a function of LHGR for Bu = 0G W d

M T

with the input parameters most in�uential on the gap conductance held to their nominal

values. From Figure 5.54, linear extrapolation would be appropriate for LHGR less than 5kW
m

but not for LHGR above 35kW
m . There is a regime change in the gap conductance behavior

especially between 45kW
m < LH G R < 50kW

m due to gap closure. Thus, the upper limit on the

gap conductance table was extended to LH G R = 65kW
m for Bu = 0G W d

M T .

Lastly, the axial re�ector regions were not directly modeled. Instead, pin-cell values for

the moderator properties were taken from the upper bound of the top axial level for the

top axial re�ector region and from the lower bound of the bottom axial re�ector for the

bottom axial re�ector. For all of the axial levels occupied by the fuel, the reported values at

that axial level continued to be derived from averaged the values at the lower and upper

bounds at that axial level.

An uncertainty quanti�cation study was carried out using a total of 50 samples. The

uncertain inputs considered in this problem are shown in Table 5.17. Only the distribution

for the total power in the quarter core has changed from the 3x3 problem previously studied.

Figures 5.55 and 5.56 show the axially-averaged mean of and the standard deviation in

the Rowlands temperature for these samples. From Figure 5.55, it can be seen that the

Rowlands temperature is clustered by fuel assembly. This is because the current PROTEUS

simulation of the C5G7 problem returns a power distribution where the power is clustered

by fuel assembly within little variance in power within assemblies. Next, from Figure 5.56 it

be seen that the uncertainties in the inputs lead to typical values of the standard deviation

of the Rowlands temperature of about 10� 25K throughout all four fuel assemblies in C5G7.
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Figure 5.54: Nominal upper and lower limits on the gap conductance for the conditions of
the C5G7 problem.

Table 5.17: Uncertainty quanti�cation inputs for the C5G7 problem.

Common Inputs Fuel Performance
Inlet Temperature U (560,562) � K Gap Width N (8.5e-5,7.64e-6) m

Inlet Mass Flux N (3460,17.3) kg
m2s Fuel Roughness N (2.0e-6,2.5e-7) m

Total Power N (30,1.5) MW Grain Size N (2.0e-5,6.0e-6) m
Inlet Pressure N (155.1,0.517) bar Cladding Creep Multiplier N (1.0,0.14)

Thermal-Hydraulics Fission Gas Release Multiplier Lognormal (1.0,1.0)
Friction B ( p =5) N (18.797,0.941)

Next, in Figures 5.58 and 5.57 the empirical cumulative distribution function of the

maximum (local) Rowlands temperature in the entire problem is given and contrasted with

a normal distribution. In the Q-Q plot, the dots do not line up well along the line and the

ECDF is not shaped like a normal distribution-it may multimodal with a smaller mode on

the right-hand-side or at least skewed to the left.

Lastly, the Spearman correlation indices between the uncertain inputs and the (radially-

averaged) mean Rowlands temperature was computed at each axial level in the fuel region,

as shown in Figure 5.59. The total power, as before, is the most in�uential input while for

the next 5 most in�uential inputs, 4 are fabrication gap thicknesses. This is consistent with

the fresh fuel state of the problem. The �ssion gas diffusion in one of the MOX fuel rods

being in�uential is very notable.

The successful application of the generated gap conductance tables in both single rod

91



Figure 5.55: Radial distribution of the
mean Rowlands temperature for the C5G7
problem.

Figure 5.56: Radial distribution of the
Rowlands temperature standard deviation
for the C5G7 problem.

Figure 5.57: Q-Q plot of the empirical
Rowlands temperature distribution as well
as the hypothetical normal distribution.

Figure 5.58: Empirical cumulative distri-
bution function of the maximum Rowlands
temperature.

fuel performance calculations and multiple rods multi-physics calculations demonstrates

the �exibility of the UTAB 3D tables development and implementation. These preliminary

studies give also insights about the improvements brought by this Hi2Lo approach. The

predictions of both gap conductance and fuel temperatures are improved and the usage of

the UTAB 3D in uncertainty quanti�cation studies allows the propagation of high �delity

input uncertainties to safety outputs of interest.
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Figure 5.59: Radially-averaged Spearman indices as a function of height.
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CHAPTER

6

GAP CONDUCTANCE HIGH TO LOW

FIDELITY METHODOLOGY FOR

REACTIVITY INITIATED ACCIDENT

In the previous chapters the focus was on developing Hi2Lo �delity gap conductance

approaches for depletion. In this chapter, a preliminary approach for transient gap conduc-

tance Hi2Lo �delity approaches is presented. More speci�cally the focus is a rod ejection

accident (REA), where a rapid increase in temperature can occur impacting signi�cantly

the gap conductance. Due to the complexity of the REAs, surrogate based models are con-

structed as the low �delity gap conductance models. Different surrogate models discussed

in Chapter 3 are investigated in this chapter. To train and evaluate these models, a large

database of REAs needs to be created �rst.
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6.1 REA Database

It was desired to create training data on which to train and evaluate the transient gap

conductance surrogate models. The models will predict the gap conductance based on

the transient temperatures and the initial conditions. The goal is to obtain a set of realistic

REAs that could occur in a PWR reactor. For this reason, power pulses from experiments

that aimed at leading to cladding failure were deemed unacceptable. The pulse width of

Reactivity Initiated Accidents (RIAs) from experimental benchmarks are an order(s) of

magnitude greater [70; 33; 71] than what is typical for LWR REAs. Due to the de�ciency in

experimental data, it was decided to simulate realistic REA neutronics boundary conditions

using the PARCS neutronics code. The PARCS neutronics code computes 3D spatial kinetics

[72] and thus can compute the axial variation in the time-varying power pulse of an RIA.

PARCS also has previously been used to generate power pulse boundary conditions as input

to BISON [73]. PARCS is capable of both 1D and 3D kinetics calculations, but 1D calculations

should only be used if there is motivation to limit computational resource use [74]. PARCS

was thus selected to provide the power pulses to be used as boundary conditions in BISON

REA simulations. These simulations will provide the neutronics boundary conditions that

will be imposed in BISON to generate the training data necessary to build low-order models

of the gap conductance.

The PARCS neutronics code was used to simulate a modi�ed version of the UAM Phase

III TMI-1 rod ejection accident (REA) benchmark [75]. The core layout this problem is

shown in Figure 6.1.

The main modi�cation made to the original problem is not the locations of the control

rod banks, but rather their heights. These modi�cations were applied in order to obtain a

variety of injected reactivities. For the modi�ed problem, it is assumed that all of control

rod banks “1”, “2”, “4” and “7” begin as fully inserted. All of the other control rod banks

begin as already fully retracted from the core. This con�guration was chosen because it

allowed for REA pulses to be generated which result in a maximum reactivity insertion of

over 1$ (i.e. prompt super critical pulses).

The thermal-hydraulic and (global) power boundary conditions speci�ed in the bench-

mark have been kept. For the hot zero power (HZP) case, the core power is 0.1% of the

nominal total core power ( 2771.9M W t ) while for the hot full power (HFP) case, the core

power is 100% of the nominal core total power. Additionally, for the HZP case, the inlet

coolant temperature is 277.85 � C while for the HFP case it is 289.52 � C.
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Figure 6.1: TMI-1 core layout, OECD-NEA UAM Phase III benchmark. Numbers correspond
to shared control rod bank design. For the REA, a rod from the “7” control rod bank which
is highlighted in green, in the bottom right quadrant of the core, is ejected

Neutron cross sections which had previously been obtained with Polaris lattice code

were made use of. The cross sections had been generated both for beginning-of-cycle (BOC)

as well as end-of-cycle (EOC) conditions. The cross-sections were converted to the PMAXS

format of PARCS using the GenPMAXS code.

The last perturbation was to raise the control bank containing the rod to be ejected (so,

not the entire “7” group) upwards in increments of 1.25%, up to 48.75% removed. Doing this

allows for a wide spread in the maximum reactivity inserted during RIA, from well bellow to

well above 1$. This represents a total of 40 perturbations on the initial height of the control

rod bank containing the rod to be ejected. Between the power state (HZP or HFP), the use

of neutron cross sections at different fuel states (BOC or EOC) and the initial rod height, a

total of 160 pairs of PARCS calculations were performed. The pair of calculations took the

following form:

1. A steady-state calculation is performed. For the given conditions, it is assumed that the

reactor is critical. Thus, the boron concentration (in ppm) is searched for which results

in criticality. This value is necessary to know in order that the transient calculation is

96



valid.

2. With the reactor at a critical state, the rod ejection is performed. The rod is ejected

over the course of 0.1439s and not instantaneously.

Tables 6.1, 6.2, 6.3, and 6.4 show the computed critical boron as a function of the initial

height of the key control rod bank for each set of power (HZP or HFP) and fuel (BOC and

EOC) conditions.

Tables 6.1, 6.2, 6.3, and 6.4 verify that the expected behavior has occurred. A depleted

fuel state (EOC) requires a lower critical boron than a fresh fuel state (BOC). Additionally,

as the control rod bank is raised, the critical boron is also raised as there is a loss of neutron

poisoning. Lastly, the HZP conditions requires a larger critical boron than the HFP condition.

This is also expected as at the HFP the increased fuel temperature increases the neutron

absorptions due to the Doppler effect and thus decreases the reactivity. To re-iterate, PARCS

is only being used here in order to generate a set of representative data for RIAs, there will be

no coupled PARCS-BISON calculation (one-way coupling). One limitation of this approach

however is that since the maximum reactivity insertion is not known until the calculation

is completed, it is not an input which can be used in gap conductance modeling.

As convention for the rest of this Chapter, pulses at the top of each of Tables 6.1, 6.2, 6.3,

and 6.4 are "1" and descending down the table, they are labeled in ascending order. Thus,

"HZP EOC #24", for example, refers to the 24th entry in Table 6.4.

From the transient calculations, several values are extracted. First, the maximum re-

activity insertion (which is a function of time) is recorded. Secondly, BISON transient

calculations are very computationally expensive, and thus simulating a small domain is

desirable. The PARCS transient calculation output is searched for the axial cell (within a

radial fuel assembly) for which the LHGR is at a maximum value, compared to all values of

the LHGR for the entire transient. The power as a function of time is then extracted from

this axial cell. The small size of this geometry also justi�es the use of a uniform axial power

pro�le boundary condition in BISON. Figures 6.2, 6.4, 6.6 and 6.8 show the extracted LHGR

as a function of time for each pairing of power and fuel states. Additionally, Figures 6.3,

6.5, 6.7 and 6.9 show the maximum LHGR for each pulse as a function of the maximum

reactivity insertion for that pulse.

The methodology for power pulses generation does place potential limits on model

applicability. Are power pulses generated by REAs occurring in different locations in the
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Table 6.1: Computed critical boron for (HFP, BOC) conditions.

Control Rod Bank Elevation (%) Critical Boron (ppm)
0 1710.77

1.25 1711.39
2.5 1712.22
3.75 1713.27

5 1714.56
6.25 1716.05
7.5 1717.74
8.75 1719.63
10 1721.69

11.25 1723.96
12.5 1726.37
13.75 1728.94

15 1731.67
16.25 1734.5
17.5 1737.48
18.75 1740.54

20 1743.72
21.25 1746.97
22.5 1750.34
23.75 1753.82

25 1757.37
26.25 1761.03
27.5 1764.76
28.75 1768.58

30 1772.45
31.25 1776.39
32.5 1780.4
33.75 1784.42

35 1788.52
36.25 1792.63
37.5 1796.76
38.75 1800.94

40 1805.12
41.25 1809.32
42.5 1813.5
43.75 1817.68

45 1821.87
46.25 1826.05
47.5 1830.18
48.75 1834.32
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Table 6.2: Computed critical boron for (HFP, EOC) conditions.

Control Rod Bank Elevation (%) Critical Boron (ppm)
0 21.4

1.25 22.09
2.5 23
3.75 24.07

5 25.28
6.25 26.55
7.5 27.99
8.75 29.54
10 31.14

11.25 32.81
12.5 34.57
13.75 36.34

15 38.13
16.25 39.96
17.5 41.84
18.75 43.72

20 45.66
21.25 47.61
22.5 49.61
23.75 51.66

25 53.73
26.25 55.86
27.5 58.02
28.75 60.23

30 62.47
31.25 64.77
32.5 67.15
33.75 69.54

35 71.98
36.25 74.46
37.5 76.99
38.75 79.55

40 82.17
41.25 84.84
42.5 87.52
43.75 90.24

45 92.98
46.25 95.75
47.5 98.53
48.75 101.34
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Table 6.3: Computed critical boron for (HZP, BOC) conditions.

Control Rod Bank Elevation (%) Critical Boron (ppm)
0 2126.16

1.25 2126.39
2.5 2126.73
3.75 2127.17

5 2127.74
6.25 2128.47
7.5 2129.37
8.75 2130.48
10 2131.84

11.25 2133.5
12.5 2135.47
13.75 2137.82

15 2140.59
16.25 2143.8
17.5 2147.52
18.75 2151.61

20 2156.21
21.25 2161.27
22.5 2166.67
23.75 2172.35

25 2178.32
26.25 2184.61
27.5 2190.71
28.75 2197

30 2203.39
31.25 2209.65
32.5 2215.78
33.75 2221.9

35 2228.07
36.25 2233.77
37.5 2239.46
38.75 2245.14

40 2250.54
41.25 2255.74
42.5 2260.9
43.75 2266

45 2270.69
46.25 2275.34
47.5 2279.97
48.75 2284.35
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Table 6.4: Computed critical boron for (HZP, EOC) conditions.

Control Rod Bank Elevation (%) Critical Boron (ppm)
0 424.51

1.25 424.58
2.5 424.69
3.75 424.81

5 424.94
6.25 425.12
7.5 425.35
8.75 425.61
10 425.91

11.25 426.3
12.5 426.74
13.75 427.26

15 427.86
16.25 428.56
17.5 429.39
18.75 430.31

20 431.39
21.25 432.62
22.5 434.01
23.75 435.55

25 437.28
26.25 439.22
27.5 441.26
28.75 443.45

30 445.83
31.25 448.31
32.5 450.89
33.75 453.57

35 456.4
36.25 459.15
37.5 462
38.75 464.93

40 467.84
41.25 470.74
42.5 473.68
43.75 476.68

45 479.54
46.25 482.45
47.5 485.41
48.75 488.29
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same family of functions? For a given REA, are all power pulses in the same family of func-

tions, or is the power pulse with the maximum instantaneous power unique in some way?

Assumptions of model applicability should be examined further by analyzing additional

(family sub prompt critical) power pulses.

A further limitation on the methodology presented here is that all training data is only

for a single fuel rod design. While the earlier Chapters focusing on depletion studies showed

that some aspects of fuel rod design (such as the fuel enrichment) are not in�uential on the

gap conductance, some aspects of mechanical design (such as the initial gap fabrication

width) are and this places another limitation on extrapolation of the results of these studies.

One outlier point can be seen in Figures 6.7 and 6.9. An examination of the data showed

that this data point corresponded to when the control rod is fully inserted and then ejected.

No error was found in the postprocessing of PARCS output. Still, these cases (HFP BOC #1,

HFP EOC #1) were removed from further study. More generally, from Figures 6.3, 6.5, 6.7

and 6.9, the logarithm of the maximum LHGR during the transient is linearly related to the

maximum reactivity inserted during the transient. From Figures 6.2, 6.4, 6.6 and 6.8, it can

be seen that maximum LHGR during a transient for either of HZP or HFP conditions is on

the order of 106 W
m . Lastly of note is that for the HFP cases (Figures 6.2 and 6.4) the pulse

width is much longer than for the HZP cases (6.6 and 6.8). This is consistent with results

previously found [71]. The asymptotic values of the LHGR for the HFP cases is also order(s)

of magnitude higher than for the HZP cases. This is sensible as the neutron population is

higher for HFP than HZP conditions and thus for the same reactivity insertion, the neutron

population (i.e. the power) jumps to a higher level for the HFP case than the HZP case.

Lastly, Figure 6.10 combines the results of Figures 6.3, 6.5, 6.7 and 6.9. The relationship

between the maximum reactivity inserted and the maximum LHGR is explored for all power

and fuel state pairing.

From Figure 6.10, it can be observed that the relationship between the maximum LHGR

and maximum reactivity insertion is independent of the fuel state, but is highly dependent

on the power state. This suggests that two surrogate models for the gap conductance

(one for HZP, one for HFP) may be justi�ed. Additionally, in order for the model to be as

generalizable as possible, there is interest in simulating in BISON each REA for a variety of

fuel states (0G W d
M T ,20G W d

M T ,40G W d
M T ,60G W d

M T ) irregardless of the fuel state in PARCS (BOC, EOC)

for which the REA was simulated in. Fuel state independence of the relation in Figure 6.10

further justi�es this approach.

The �nal step to create the REA gap conductance database is to use the BISON fuel

102



Figure 6.2: LH G R(t ) for all REAs for the (HZP, BOC) power,
fuel state conditions.

Figure 6.3: Maximum LH G R(t ) for all REAs for the (HZP, BOC)
power, fuel state conditions.
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Figure 6.4: LH G R(t ) for all REAs for the (HZP, EOC) power, fuel
state conditions.

Figure 6.5: Maximum LH G R(t ) for all REAs for the (HZP, EOC)
power, fuel state conditions.
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Figure 6.6: LH G R(t ) for all REAs for the (HFP, BOC) power, fuel
state conditions.

Figure 6.7: Maximum LH G R(t ) for all REAs for the (HFP, BOC)
power, fuel state conditions.
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Figure 6.8: LH G R(t ) for all REAs for the (HFP, EOC) power, fuel
state conditions.

Figure 6.9: Maximum LH G R(t ) for all REAs for the (HFP, EOC)
power, fuel state conditions.
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Figure 6.10: Maximum inserted reactivity versus maximum LHGR for the different core
initial conditions.

performance code with the representative boundary conditions (power as a function of

time) obtained using the PARCS neutronics code. The PARCS neutronics code has previ-

ously been used to generate BISON power pulse boundary conditions for REAs [76]. The

methodology for doing so is similar to how the parametric tables for the gap conductance

during quasi steady-state depletion were generated. First a depletion at a constant LHGR

took place (for the same values of the depletion LHGR as before: 5000W
m , 10000W

m , 15000W
m ,

20000W
m , 25000W

m ,30000W
m , 35000W

m ) to a burnup corresponding to either fresh ( 0G W d
M T ) or

depleted ( 20G W d
M T ,40G W d

M T ,60G W d
M T ) fuel. Thus, a total of 4,480 depletion and subsequent RIAs

were simulated in BISON, which is an acceptable computational expense. Subsequently,

the LHGR was lowered (over 0.1ho ur s ) to the initial LHGR of the transient. Next, the LHGR

was held at this constant value for another 0.1ho ur s , and then the transient is initiated.

The fuel rod design studied for quasi steady-state depletion (from UAM Phase II) was mod-

i�ed slightly (beyond shortening) in order to be consistent with the PARCS simulations.

The TMI-1 problem from Phase III assumes a fuel rod design corresponding that found in

Phase I [77]. Additionally, when shortening the fuel rod, it was desired to make the ratio

of the fuel to the free volume consistent when compared to the fuel rod in Phase II if the
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springs were modeled (which they were not for the depletion studies). Table 6.5 lists the

changes that took places between the two studies. The transient cases also made use of a

�ner discretization for all of the fuel, cladding and coolant domains while the depletion

cases modeled the fuel as a single axial slice. Note that only the power boundary condition

changes between simulations, all other inputs are assumed to be held as �xed.

Uncertainty propagation has been performed before using BISON for transients [78];

however, a single set of power and thermal hydraulic boundary conditions were assumed

while many fuel rod design inputs were varied. In this study, the fuel rod design is held

constant and studied under a variety of power boundary conditions.

Table 6.5: List of changes in single fuel rod design from quasi steady-state depletion to
RIA transient studies for simulation in BISON.

Parameter Depletion RIA
Pellet Radius (m) 0.004095 0.0046955
Gap Width (m) 0.000085 0.0000955

Cladding Thickness (m) 0.00057 0.000673
Pellet Stack Height (m) 3.6576 0.12573

Plenum Height (m) 0.254 0.00820816

For both of HZP and HFP cases, the LHGR becomes close to constant after about 1.0s

(the PARCS simulations were all 100.0s long, but only the �rst 1.0s was shown for brevity).

However, the temperature response (fuel and cladding) may take place on a different

time scale depending on the initial conditions and the inserted reactivity. The fuel and

cladding temperatures may not stabilize until 100.0 s. Figures 6.11 through 6.24 show the

temperature response for several representative REAs. The legend can be read as FCT:

fuel centerline temperature; FAT: fuel average temperature; FOT: fuel outer temperature;

CIT: cladding inner temperature; CAT: cladding average temperature; COT: cladding outer

temperature. The INL HPC Sawtooth was used in order to simulate all RIAs. Sawtooth

has a maximum allotted time of 336 hours and no attempt was made to continue from a

restart �le any simulations which did not complete within the allotted time. Thus, of the

4,480 RIA simulations, a signi�cant number did not complete. For the HFP cases, there
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Figure 6.11: Temperature response to
an REA with a maximum reactivity inser-
tion of 1.2344$ initiated from HZP and
0.0G W d

M T .

Figure 6.12: Temperature response to
an REA with a maximum reactivity inser-
tion of 1.2344$ initiated from HZP and
20.0G W d

M T .

was not a single instance of a case with a maximum reactivity insertion of greater than 1$

(super-prompt critical, super-critical due to prompt neutrons) for which the RIA simulation

was able to progress beyond the time at which the LHGR reached its maximum value (well

under 1.0s) when the burnup was either of 0.0G W d
M T or 20.0G W d

M T . Similarly, Figures 6.11 and

6.12 show the maximum reactivity insertion (1.2344$) for which an RDA simulated from an

initial HZP power state was simulated in fuel for 0.0G W d
M T and 20.0G W d

M T . Generally, it appears

that REAs with a maximum LHGR of 2,000,000W
m are very dif�cult to converge in BISON for

fresh and lower depleted ( 20G W d
M T ) fuel states. When simulating RIA transients, BISON may

require a very small time step (such as 1.0 � 10� 7s) in order to ensure converge. Thus, the

output from BISON has many more time points than the input power boundary condition

(a time step of 1.0 � 10� 3s was found to help BISON achieve convergence) from PARCS. In

order to remove unnecessary computational expense, only BISON data recorded at the

same time steps as PARCS is used in the training of the surrogate models.

From Figures 6.11 through 6.24 it can be seen that while the fuel outer temperature,

gap conductance and all cladding temperatures tend to stabilize before 10.0s, the fuel

centerline and fuel average temperatures may not stabilize until 10.0� 100.0s. However, the

asymptotic behavior (i.e. the manner in which the terminal value is reached) of the FCT and

FAT tends to become apparent by at latest 10.0s. Thus, it is justi�ed to cut off training data
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Figure 6.13: Temperature response to
an RIA with a maximum reactivity inser-
tion of 1.2344$ initiated from HZP and
40.0G W d

M T .

Figure 6.14: Temperature response to
an RIA with a maximum reactivity inser-
tion of 1.2344$ initiated from HZP and
60.0G W d

M T .

Figure 6.15: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8559$ initiated from HZP and
0.0G W d

M T .

Figure 6.16: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8559$ initiated from HZP and
20.0G W d

M T .
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Figure 6.17: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8559$ initiated from HZP and
40.0G W d

M T .

Figure 6.18: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8559$ initiated from HZP and
60.0G W d

M T .

Figure 6.19: Temperature response to
an RIA with a maximum reactivity inser-
tion of 1.0789$ initiated from HFP and
40.0G W d

M T .

Figure 6.20: Temperature response to
an RIA with a maximum reactivity inser-
tion of 1.0789$ initiated from HFP and
60.0G W d

M T .
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Figure 6.21: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8168$ initiated from HFP and
0.0G W d

M T .

Figure 6.22: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8168$ initiated from HFP and
20.0G W d

M T .

Figure 6.23: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8168$ initiated from HFP and
40.0G W d

M T .

Figure 6.24: Temperature response to
an RIA with a maximum reactivity inser-
tion of 0.8168$ initiated from HFP and
60.0G W d

M T .
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Figure 6.25: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 1.2344$ initiated from HZP and
0.0G W d

M T .

Figure 6.26: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 1.2344$ initiated from HZP and
20.0G W d

M T .

Figure 6.27: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 1.2344$ initiated from HZP and
40.0G W d

M T .

Figure 6.28: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 1.2344$ initiated from HZP and
60.0G W d

M T .
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Figure 6.29: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8559$ initiated from HZP and
0.0G W d

M T .

Figure 6.30: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8559$ initiated from HZP and
20.0G W d

M T .

Figure 6.31: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8559$ initiated from HZP and
40.0G W d

M T .

Figure 6.32: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8559$ initiated from HZP and
60.0G W d

M T .
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Figure 6.33: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 1.0789$ initiated from HFP and
40.0G W d

M T .

Figure 6.34: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 1.0789$ initiated from HFP and
60.0G W d

M T .

Figure 6.35: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8168$ initiated from HFP and
0.0G W d

M T .

Figure 6.36: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8168$ initiated from HFP and
20.0G W d

M T .
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Figure 6.37: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8168$ initiated from HFP and
40.0G W d

M T .

Figure 6.38: Gap conductance response
to an RIA with a maximum reactivity in-
sertion of 0.8168$ initiated from HFP and
60.0G W d

M T .

after 10.0 s in order to avoid in�ating surrogate model quality metrics and computational

expense. Additionally, from an examination of Figures 6.11 through 6.14, 6.19 and 6.20 it

becomes apparent for prompt super critical cases, all temperatures rise very sharply at the

beginning of the transient. For the same RIAs as the temperature response (Figures 6.11

through 6.24), the gap conductance is shown in Figures 6.25 through 6.38.

A preliminary look at both sets of responses to an RIA (6.11 through 6.24 and 6.25

through 6.38) shows that the gap conductance typically reaches a constant value much

more rapidly than the temperatures do. Further, from Figures 6.33 through 6.38, the gap

conductance for all of the HFP cases appears to reach a terminal value at the same time

scale (1.0 s) as the LHGR itself. This is also true of the prompt super critical HZP cases

but not for the sub-prompt critical HZP cases. When relating the HFP gap conductance

response to the HFP temperature response, the gap conductance appears to be highly

correlated (linear relation) with the fuel outer temperature for all of the representative cases

presented here.

Some interesting behavior can be observed by a further examination of the gap con-

ductance responses. From Figures 6.25 through 6.32, for the HZP case with a maximum

reactivity insertion of 1.2344$, the terminal gap conductance value appears to be about

20,000 W
(m 2� K except for the case when the RIA starts at a fuel state of 40G W d

M T when it reaches

a value of close to 30,000 W
m 2� K . This behavior is highly anomalous. Additional unfamiliar
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gap conductance response behavior can be seen in Figure 6.27, when the gap conductance

initially drops as opposed to rapidly increasing.

When comparing the sub-prompt critical HZP cases (Figures (6.29 through 6.32) to

the super-prompt critical (Figures (6.25 through 6.34), the gap conductance response is

much less violent for those represented in Figures 6.25 through 6.32. The gap conductance

strongly correlates with the fuel temperatures (especially the outer fuel temperature) as

can be seen in 6.11 through 6.18. Both the temperatures and gap conductance reach a

constant value over approximately the same time scale of 10.0s. An overall comparison of

the gap conductance responses here (Figures 6.25 through 6.38) with the earlier presented

results for the depletion studies shows that the terminal gap conductance value reached

during an RIA is about 50% of that reached during depletion. This is due to standard BISON

physics models applied during depletion and transient cases being different. The RIA

studies were based upon BISON modeling of the CABRI experimental tests. A larger value

of the roughness coef�cient (multiplier on fuel and cladding roughness, 3.2) is assumed for

transient scenarios. The FGR modeling is also different as the transient option is turned on.

Both of these can account for the diminished gap conductance during transient scenarios

compared to depletion cases. While it may be the case that a smaller value of the roughness

coef�cient (i.e. closer to 1.5 as in quasi steady-state depletion cases) is appropriate for

less violent transients, for the purpose of this study, it was kept constant at 3.2 in order

to be consistent with previous methodologies of RIA modeling in BISON. This limitation

(the use of closure models to match experiments) represents a limitation of single rod fuel

performance codes but the purpose of this study is to assume the correctness of BISON

and to �nd low-order models which mimic BISON.

One last point to mention is that for the super-prompt critical HZP cases, the FAT

temperature often exceeds the FCT at the beginning of the transient. This is because during

transient heat transfer, the power peaking and the thermal diffusion compete with each

other and for the HZP cases, the power peaking can "win" for a substantial amount of time.

Also, as the burnup increases, the time for which the FAT exceeds the FCT, increases. This is

because the power is more peaked on the periphery at higher burnup. During this time, the

maximum fuel temperature is located closer to the periphery and then during the transient,

this location moves towards and eventually reaches the centerline. This behavior is very

distinct from HFP where because a large amount of heat generation is already occurring

and the radial power shape is constant with time, thermal diffusion "wins" and the FCT is

greater than the FAT for the entire transient.
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6.2 Gap Conductance Surrogate Modeling

For surrogate model creation, various methods described in Chapter 3 are used. Physics-

inspired methods could be of interest as they demonstrate how some behavior emerges

from more fundamental aspects of a physical system. However, physics-inspired methods

often require that the modeler can guess the functional form of the model. In this work,

only data-driven surrogate models were studied, while physics based models were left for

future studies. Additionally, data-driven models are not necessarily mutually exclusive from

physics-based models and can assist the modeler in discovering new physics. In any case,

data-driven models can also suffer from over-�tting of the training data and remove the

ability for the model to have good extrapolation properties. Typical previous approaches to

modeling the gap conductance during an REA have included models as simple a constant

gap conductance, which was used ( 10341.0 W
m 2� K ) during the PARCS simulations of TMI-1

from UAM Phase III to generate representative RIA pulses. Additionally, CTFFuel can use the

dynamic gap conductance model during a transient, but CTFFuel lacks many of the details

in BISON. Thus, there is signi�cant room for the implementation of a BISON-informed gap

conductance model into CTFFuel.

From the previous overview of the gap conductance behavior in response to both HZP

and HFP REAs, a physics-inspired model seems more obvious for the HFP cases. For the

HFP cases, irregardless of the initial fuel state or the maximum reactivity insertion, the

gap conductance was strongly correlated with all of the temperatures, especially the fuel

outer temperature. The gap conductance and the temperatures responding to the RIA

at the same time scales. This behavior suggests that a linear model may be appropriate.

During depletion, the gap conductance is also strongly correlated with all of the fuel and

cladding temperatures as well. This in part, justi�es the use of linear interpolation from

coarse parametric tables. A physics-inspired reason for a linear regression model for the

HFP cases may then be that the temperatures and gap conductance are changing slowly

enough such that the system response may be approximated as steady-state behavior.

The linear model for the gap conductance during an RIA from HFP should be generaliz-

able irregardless of the initial fuel state. It can be assumed that at the very beginning of the

transient, that all of the temperature and gap conductance values are known, most likely

from the depletion parametric tables. Thus, these initial values are also input parameters

to the model. The gap conductance can then takes the functional form:
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Hg ap = Hg ap (Tf ue l ,c e n t e r l i ne ,Tf ue l ,o u t e r ,

Tf ue l ,c e n t e r l i ne � Tf ue l ,o u t e r ,Tc l ad ,i nne r ,

Tf ue l ,c e n t e r l i ne ,0,Tf ue l ,o u t e r ,0,Tc l ad ,i nne r ,0,

LH G R,LH G R0,Bu ,LH G Rd e p l e t i on )

(6.1)

However, later concerns about over�tting prompted the removal of the initial tem-

perature values from further model development. The gap conductance then takes the

form:

Hg ap = Hg ap (Tf ue l ,c e n t e r l i ne ,Tf ue l ,o u t e r ,Tc l ad ,i nne r ,

LH G R,LH G R0,Bu ,LH G Rd e p l e t i on )
(6.2)

The linear model can be thought of as a parallel spring. The initial values and the fuel

state (Bu,g) describe the initial stored energy in the spring. As each of the fuel and cladding

temperatures is activated, the gap conductance changes slowly due to the closing of the

gap and changes in the gap gas composition and interfacial pressure.

A MARS model has been developed using the Python's “pyearth” [66] package in order

to train the model. This package is an open source implementation of the MARS algorithm.

Additionally, a neural network model using ReLU activation function was trained using

Scikit-learn.

The gap conductance response to an RIA from HZP is more complex. There is no obvious

relation between the gap conductance and temperature responses that is generalizable

across fuel states and for any maximum reactivity insertion. Again, the maximum reactivity

insertion is computed during the transient itself and not known ahead of time, so it cannot

be used in the surrogate model. The gap conductance behavior relies on the maximum

reactivity insertion and not just the reactivity insertion at any time step in the transient

calculation. This is why temperatures (which are also solved for during the transient)

may be used in implicit models but the maximum reactivity insertion may not be. The

use of implicit models is also not a problem. There have been many advancements in

Jacobian-Free Newton-Krylov methods which allow for the use of implicit schemes in

reactor multiphysics [7]. These allow for larger time steps than explicit schemes which do

not rely on iterative solvers at each time step.

Figures 6.39 through 6.52 illustrate some representative results of the linear regression,

MARS and the neural network surrogate models of the gap conductance during HZP and
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HFP RIAs. As in the quasi steady-state depletion cases, constant-valued lower ( 3000 W
m 2� K )

and upper ( 30000 W
m 2� K ) bounds models are also included. From Figures 6.39 through 6.52, it

can be seen that the MARS model tends to slightly outperform the linear regression model.

This is consistent with the cross-validation metrics which showed that while the linear

regression may be acceptable, the metrics were even better for the neural network. Further,

both models capture the gap conductance for a wide variety of shape functions. Figures

6.39 and 6.40 show gap conductance behavior that plateaus close to the maximum value

of the gap conductance after the initial rapid increase. On the other hand, when the gap

conductance plateaus well below its maximum value, such as in Figures 6.43, 6.45 and 6.46,

both models capture this behavior. The models are not perfect, however. Typical errors

in the models compared to the reference BISON result are about 1000 W
m 2� K . However, in

Figures 6.39 and 6.40 (not just the linear regression one) miss the reference result by much

during the initial 0.1 � 0.2s of the transient. This may still be an acceptable result however,

as large discrepancies in the gap conductance may not result in large errors in the FCT,

especially if the error only occurs over a small amount of time.

For the HZP model, MARS reports a generalized cross validation score (GRSQ) of 0.8718

while for the HFP model, MARS reports a GRSQ of 0.9457. The HZP model contain 22 terms

and is given in Equation 6.3:

Hg ap = � 1.30706e + 07

� 0.194624LH G Rd e p l e t i on + 57230h (Tc l ad ,i nne r � 567.072)

� 60005.6h (567.02� Tc l ad ,i nne r ) + 14889.6h (Tf ue l ,s u r f a c e � 551.519)

� 58866.4h (Tc l ad ,i nne r � 551.19) + 657.198h (591.071� Tf ue l ,s u r f a c e)

+53.2925Bu � 77038.7h (Tf ue l ,s u r f a c e � 733.455)

+77244.5h (733.455� Tf ue l ,s u r f a c e) � 5115.33h (553.603� Tc l ad ,i nne r )

+2254.61h (556.504� Tf ue l ,s u r f a c e) � 12446.4h (551.643� Tc l ad ,i nne r )

+0.00640737LH G R + 54037.9h (Tf ue l ,s u r f a c e � 551.261)

+8286.88h (Tf ue l ,s u r f a c e � 552.277) � 19040.5h (Tf ue l ,c e n t e r l i ne � 551.864)

� 159.261h (Tf ue l ,s u r f a c e � 628.165) + 1950.74h (Tc l ad ,i nne r � 564.517)

+19033.4h (Tf ue l ,c e n t e r l i ne � 553.836) � 21074.2h (553.836� Tf ue l ,c e n t e r l i ne )

� 163.097h (591.311� Tf ue l ,c e n t e r l i ne )

(6.3)
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Figure 6.39: Gap conductance response to an RIA with a maximum
reactivity insertion of 1.1172$ initiated from HZP and 10.0 G W d

M T .

Figure 6.40: Gap conductance response to an RIA with a maximum
reactivity insertion of 1.1172$ initiated from HZP and 30.0 G W d

M T .
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