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Abstract

Accelerated Fuel Qualification of Uranium Mononitride: Mechanistic Modeling, Bayesian
Calibration, and Regime-Stratified Validation

by
Zachary Aaron Miller
Doctor of Philosophy in Engineering — Nuclear Engineering
University of California, Berkeley

Professor Massimiliano Fratoni, Chair

Accelerated fuel qualification for advanced nuclear systems requires mechanistic understand-
ing coupled with rigorous uncertainty quantification to compress traditional timelines. This
dissertation investigates whether mechanistic models grounded in first-principles physics,
systematically validated against experimental data across multiple operating regimes, and
calibrated through Bayesian inference can substantially reduce epistemic uncertainty in fuel
performance predictions while establishing defensible operational boundaries. The work
applies this hypothesis to uranium mononitride (UN) fuel for micro-reactor deployment, ad-
dressing the challenge that historical UN irradiation data exhibit significant scatter and gaps
at high burnup and elevated temperatures relevant to modern micro-reactor designs.

A mechanistic model for fission gas release and swelling model was investigated in the
BISON fuel performance code. The model explicitly captures temperature-dependent
diffusion mechanisms through decomposition of effective diffusivity into thermal equilibrium,
defect-assisted, and thermal components. Multi-population bubble tracking differentiates
nucleation pathways, and grain boundary coalescence provides mechanistic basis for
understanding saturation transitions and release. Validation against various historical
irradiation test cases revealed regime-dependent model performance with robust agreement in
low-temperature, low-burnup conditions and interpretable limitations at regime boundaries.

The dissertation establishes that mechanistic modeling with rigorous uncertainty quantifica-
tion may successfully enable compressed accelerated fuel qualification timelines. Broader
methodological contributions include regime-stratified validation identifying mechanistic
regime boundaries based on physics rather than arbitrary thresholds, surrogate-accelerated
Bayesian inference achieving significant computational speedup while maintaining statisti-
cal rigor through hyperparameter optimization and empirical calibration inflation factors,
and mechanistically guided prior specification improving parameter convergence by 30 to



50% while maintaining Bayesian validity. These approaches are generalizable to other high-
dimensional inverse uncertainty quantification problems for expensive mechanistic models.

The surrogate-accelerated Bayesian Markov chain Monte Carlo (MCMC), using latin
hypercube sampling (LHS)-sampled input parameters to train Gaussian process emulators,
achieved robust parameter within the primary regime for low temperature and low burnup.
Parameter uncertainty was reduced by 80 to 90% through Bayesian inference, with posterior
distributions full convergence (Gelman-Rubin R< 1.01). Forward propagation of calibrated
posteriors produced predictions with 86.4% experimental coverage, 0.30 vol% mean absolute
error for swelling, and 0.05% mean absolute error for fission gas release. Comparison of
prior (uninformed) versus posterior predictions quantified information gain, with swelling
prediction accuracy improving 78.6% and fission gas release accuracy improving 92.6%.
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Chapter 1

Introduction

This dissertation investigates whether mechanistic models which are systematically val-
idated against experimental data across multiple operating regimes and calibrated through
rigorous Bayesian uncertainty quantification (UQ), can substantially reduce epistemic
(knowledge-based) uncertainty in nuclear fuel performance predictions and establish defen-
sible boundaries for qualified operational domains and suggests necessary experiments. The
work applies this framework specifically to UN fuel for micro-reactor systems, demonstrat-
ing how accelerated fuel qualification (AFQ) principles can compress qualification timelines
while maintaining rigorous scientific and regulatory standards.

1.1 Motivation

Advanced reactor concepts are emerging as critical technologies for addressing global
energy demands while meeting stringent safety, non-proliferation, and environmental
requirements. Among these concepts, micro-reactors represent a novel class of compact
nuclear systems designed for deployment in remote locations, industrial heat applications,
and distributed energy generation scenarios. These systems operate under conditions
fundamentally different from conventional light-water reactors, often featuring higher power
densities, elevated operating temperatures, and long operational periods without refueling.
To enable the commercial viability and regulatory acceptance of micro-reactor technology,
the nuclear fuel must be carefully selected and rigorously validated for safe and reliable
performance across the anticipated operational envelope.

UN has emerged as a candidate fuel for micro-reactor applications due to several
advantageous material properties compared to conventional uranium dioxide (UO2). Most
notably, UN possesses a thermal conductivity of approximately 20.8 W/(m-K) at 1000 K,
significantly higher than UOs’s degraded conductivity over temperature. Combined with
its high fissionable uranium density (13.5 g/cm?® for UN versus 9.7 g/cm?® for UO,) and
elevated melting temperature (3120 K), UN enables compact fuel pin designs and improved
operational margins for micro-reactor systems [1]. However, substantial data gaps remain
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regarding UN behavior under irradiation, particularly with respect to fission gas release
(FGR) and fuel swelling at the high burnups anticipated for advanced reactor deployments.

The experimental irradiation database for UN, while valuable, is largely historical,
dating from space power reactor programs of the 1960s through 1980s. The wide scatter
in available data, combined with differences in testing conditions, fuel specifications, and
measurement methodologies, creates substantial uncertainty in fuel performance predictions
for modern micro-reactor designs. Additionally, practical irradiation testing timelines extend
over multiple years due to lengthy irradiation testing, creating a significant bottleneck for
fuel qualification. This confluence of factors establishes the foundation for developing an
AFQ program tailored specifically to UN that couples mechanistic modeling with targeted
experimental validation.

AFQ methodologies employ mechanistic modeling, advanced statistical techniques, and
targeted experimental validation to compress the fuel qualification timeline while maintaining
regulatory defensibility. By coupling mechanistic understanding of fuel physics with UQ
frameworks, AFQ programs can identify critical knowledge gaps and prioritize experimental
campaigns to maximize information gain. For UN in particular, this approach enables
systematic investigation of how fission gas release and swelling phenomena respond to
variations in temperature, power density, burnup, and fuel microstructure, ultimately
establishing defensible operational boundaries for micro-reactor deployment.

1.2 Accelerated Fuel Qualification Framework

1.2.1 Historical Context and Necessity

Historically, nuclear fuel qualification has followed a sequential, data-intensive approach
that relies heavily on empirical models derived from extensive irradiation testing. This
methodology, while rigorous, typically requires 20 or more years to accumulate sufficient
data for regulatory approval of a new fuel system [2]. For advanced reactor technologies
such as micro-reactors, this traditional timeline represents a significant barrier to commercial
viability and deployment. The AFQ methodology addresses this challenge by integrating
mechanistic fuel performance modeling, advanced experimental validation, and data science
techniques to compress the qualification timeline to as few as five years while maintaining
the same high safety standards [2].

1.2.2 Core Philosophy and Principles

The fundamental principle underlying AFQ is that mechanistic, physics-based models
can effectively interpolate between sparse experimental data and identify critical knowledge
gaps, thereby reducing the overall number of costly integral irradiation tests required for
qualification [2]. Rather than accumulating decades of empirical data and then fitting
mathematical correlations after, the AFQ approach couples predictive modeling with
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targeted, theory-informed experiments performed in parallel. This synergy between modeling
and experiment enables efficient resource allocation and accelerates the path to regulatory
confidence. The AFQ framework used to guide this work is shown in Figure 1.1.

AFQ integrates four complementary elements working in concert [2]: (1) high-fidelity,
physics-based mechanistic models developed using multiscale and multiphysics approaches
to provide predictive capability grounded in fundamental physics rather than empirical fitting
(2) data science and UQ methods to identify dominant phenomena and prioritize experiments
to maximize information gain from each experimental campaign (3) targeted out-of-pile and
in-pile experiments to validate models and reduce parameter uncertainty through strategic
data collection (4) integration of the validated models into engineering-scale fuel performance
codes suitable for reactor licensing and design optimization.

Mechanistic Models for Fuel
. Performance Analysis
Atomic Scale . .
. L Machine Learning
Simulations
Nuclear Engineering
Legacy Data from + Fuel performance analysis
Past Experiments « Evaluation of existing experimental data
Multi-physics reactor modeling

\\ [ Separate Effect Testing H Limited '“tGEJ:LE;I:::::t:t)S (Irradlw

{ AFQ Licensing Basis }

Figure 1.1: Accelerated fuel qualification framework developed at Los Alamos National
Laboratory.

1.2.3 Multiscale Modeling and Simulation

Mechanistic fuel performance models must bridge multiple length and time scales
to capture the physical processes governing fuel behavior [2]. At the atomic scale,
density functional theory (DFT) and machine learning (ML) interatomic potentials enable
calculation of defect formation and migration energies, which feed into cluster dynamics and
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molecular dynamics (MD) simulations. These lower-length-scale methods predict microscale
phenomena such as fission gas bubble evolution and dislocation dynamics. The results
are parameterized into engineering-scale fuel performance codes (e.g., BISON) that solve
coupled thermo-mechanical and species diffusion equations for entire fuel pins under reactor
conditions.

For UN, this multiscale approach is particularly valuable because the limited irradiation
database and scatter in historical data make purely empirical correlations domain-limited.
By developing mechanistic models designed in first-principles calculations and validated
against targeted experiments, the AFQ framework enables confident predictions of fuel
behavior under micro-reactor operating conditions not well-represented in historical datasets.

1.2.4 Uncertainty Quantification and Bayesian Inference

Modern data science techniques, including ML and Bayesian inference, enable efficient
extraction of information from sparse datasets and systematic propagation of uncertainties
through mechanistic models. Reduced-order models developed via data-driven methods can
capture the complex dependencies predicted by high-fidelity simulations at computational
costs suitable for engineering-scale analysis. Sensitivity analysis within this framework
identifies which material properties, model parameters, or operating conditions most strongly
influence fuel performance predictions, thereby guiding prioritization of experimental
validation efforts.

UQ extends beyond traditional error analysis to quantify epistemic uncertainties arising
from gaps in data and mechanistic understanding. By propagating these uncertainties
through coupled models to final safety margins (e.g., maximum allowable burnup or
temperature), the AFQ methodology provides an objective, defensible basis for regulatory
decisions regarding acceptable margins and identifies the specific experiments or simulations
most likely to reduce the controlling uncertainties.

1.2.5 Targeted Experimental Validation

Experiments within accelerated qualification programs are designed using model pre-
dictions and UQ results to maximize information content per experiment. Separate-effects
tests (out-of-pile and in-pile) target specific phenomena identified as critical to fuel per-
formance, such as fission gas diffusion, swelling rates or thermal conductivity degradation.
Post-irradiation examination (PIE) coupled with advanced characterization techniques (scan-
ning electron microscopy, transmission electron microscopy, X-ray diffraction, etc.) provides
microstructural data to bridge length scales between atomistic models and engineering-scale
predictions.

Accelerated irradiation techniques such as Fission Accelerated Steady-state Testing
(FAST) and ion irradiation enable rapid accumulation of relevant data while maintaining
prototypic fuel temperatures. These methods, combined with mechanistic modeling, allow
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the AFQ program to achieve qualification-relevant burnups and doses on timescales of months
to years rather than decades.

1.2.6 Application to Uranium Mononitride Fuel

For UN in micro-reactors, the AFQ methodology addresses specific challenges: (1)
fission gas release behavior at high burnup has not been extensively characterized at
micro-reactor temperatures and power densities; (2) swelling mechanisms, particularly
breakaway swelling at high damage levels, remain incompletely understood; and (3) the
limited historical irradiation database (primarily from 1960s through 1980s space power
programs) shows significant scatter and may not adequately represent modern fuel fabrication
practices or micro-reactor operating regimes. By combining mechanistic models of fission
gas generation, migration, and release with targeted experiments and rigorous UQ), this
dissertation develops the theoretical, computational, and experimental foundation necessary
for confident qualification of UN fuel under accelerated timelines suitable for micro-reactor
deployment.

1.3 Uranium Mononitride as an Advanced Reactor
Fuel

1.3.1 Material Characteristics

UN is a ceramic nuclear fuel comprised of a combination of the following family of
ceramic materials: Uranium Mononitride (UN), Uranium Sesquinitride (UsNj3) and Uranium
Dinitride (UNy). During the fabrication process of UN, all three ceramic materials will be
present with the majority being UN. UN crystallizes in a lattice of NaCl type, which is a
face-centered cubic (fcc) crystal structure [1]. If the lattice constant and theoretical mass
of the crystal structure is known, the theoretical density may be calculated utilizing the
following equation:

MasSScel]

(1.1)

At room temperature (=300 K), a UN unit cell has a mass of 1.6741x 1072! g with a lattice
constant of 4.899 & 0.001 A [1], yielding a unit cell volume of 116.93 x 10~2* cm?®. Utilizing
Equation (1.1), the theoretical density (TD) of UN at room temperature is 14.317 g/cm®.

Comparing UN to other nuclear fuels, such as UO;, both fuels have cubic structures
however, UN has a rock salt (NaCl) crystal structure, as seen in Figure 1.2, while UO,
has a fluorite crystal structure, as shown in Figure 1.3. What makes UN stand out above
other fuel types, in particular UOs, is its high thermal conductivity (=~ 20.8 W/(m-K)) at
1000 K), heavy metal (fissionable) density 13.5g/cm” for UN versus 9.7 g/cm® for UO,), and

Theoretical Density< & ) =
cm3 volumeep
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Figure 1.2: Crystal structure of Uranium Mononitride.

high melting temperature (3120 + 30 K) [1]. Due to these properties, UN is increasingly
considered for use in micro-reactors and other high-temperature reactor systems.

1.3.2 Historical Performance Data

While UN has demonstrated promise in historical irradiation programs from the 1960s
through 1980s space power reactor era (SNAP-50, SP-100), the experimental database
exhibits significant scatter and may not adequately represent modern fuel fabrication
practices or micro-reactor operating regimes [1]. Moreover, many correlations developed from
this historical data lack quantified uncertainty bounds, and gaps remain in understanding
UN behavior at the high burnup and elevated power densities and temperatures required
for micro-reactor operations. The SNAP-50 program at Connecticut Advanced Nuclear
Engineering Lab (CANEL) and Oak Ridge National Laboratory (ORNL), BR-10 testing
in Russian fast reactors, SP-100 irradiation campaigns at Experimental Breeder Reactor
IT (EBR-II) and Fast Flux Test Facility (FFTF), NASA Advanced Power Reactor testing
at Plum Brook Reactor Facility, and Battelle high-temperature research reactor programs
collectively accumulated substantial irradiation experience spanning temperatures from 1200
K to 1900 K and burnups up to 8 %FIMA.

These programs demonstrated that UN fuel could sustain significant burnup at elevated
temperatures, establishing proof-of-concept for advanced reactor deployment. However, the
experimental database exhibits considerable scatter, with volumetric swelling varying by
30 to 50 percent around trend lines and fission gas release varying by factors of 2 to 3 at
nominally identical irradiation conditions. This scatter reflects differences in fuel fabrication
practices, specimen geometry, reactor thermal conditions, and post-irradiation examination
methodologies employed across different research groups and time periods.
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Figure 1.3: Crystal structure of Uranium Dioxide.

1.3.3 Data Gaps and Knowledge Limitations

The historical UN database exhibits limitations that prevent confident extrapolation to
modern micro-reactor operating regimes. High-temperature data above 1600 K are limited
to two SNAP-50 specimens, insufficient for establishing temperature-dependent behavior
with confidence. High-burnup data above 3 % are sparse, where burnup is given in units of
fissions per initial metal atom (FIMA), limiting understanding of saturation and potentially
breakaway swelling mechanisms.

Modern nuclear fuel fabrication now includes stringent controls on oxygen and carbon
content that differ from historical specimens, potentially affecting bubble nucleation and
gas migration kinetics. Furthermore, the limited dataset at high burnups (greater than 3
%FIMA) and the absence of data representative of the sustained high power densities and
elevated temperatures characteristic of micro-reactor operation create critical gaps in the
empirical knowledge base.

This confluence of superior material properties combined with data gaps and quantified
uncertainties in existing knowledge creates both technical opportunity and practical necessity
for advanced mechanistic modeling and rigorous UQ to enable confident UN fuel qualification.

1.4 Fission Gas Release and Swelling as
Performance-Limiting Phenomena

Under irradiation in a nuclear reactor, UN experiences complex physical and chemical
transformations driven by the intense neutron flux and the heat generated by fission. Two
dominant phenomena govern UN fuel performance and establish the operational boundaries
for safe reactor operation: FGR and fuel swelling. Both phenomena are interconnected
through the generation, migration, and accumulation of fission products within the fuel
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matrix, and both have profound implications for fuel-cladding mechanical interaction
(FCMI), cladding integrity, and ultimate fuel qualification [1].

1.4.1 Fission Gas Generation and Release

When uranium nuclei undergo fission, they split into fission fragments with significant
kinetic energy. These fragments decay into stable isotopes known as fission products, which
are classified into three categories: solid, volatile, and gaseous. Among the gaseous products,
xenon (Xe) and krypton (Kr) are the dominant contributors to fuel performance phenomena
due to their insolubility in the fuel matrix and their tendency to remain gaseous at reactor
operating temperatures [1]. Within the fuel, fission gas atoms accumulate through two
competing pathways: retention as dispersed nano-scale bubbles within the grain structure,
or migration to grain boundaries where bubbles coalesce and grow. The balance between
these two mechanisms, controlled by temperature, fuel microstructure, and the rate of fission
product generation, determines the total FGR to the fuel plenum.

Historical irradiation data for UN shows that fission gas release remains minimal
(typically less than 1 percent) at burnups below approximately 3 % burnup. However,
at elevated temperatures and high power densities, FGR increases significantly with burnup,
reaching values of 10 to 30 percent or higher at high burnups [1]. This nonlinear behavior
reflects a transition from the retention regime (where fission gases remain trapped in bubbles
and interconnected porosity) to the release regime (where grain boundary coalescence creates
pathways for gas escape). The mechanisms governing this transition, particularly the
conditions that initiate and sustain rapid gas release, remain incompletely characterized,
representing a critical knowledge gap for high-burnup micro-reactor operation.

1.4.2 Fuel Swelling

Irradiation-induced swelling of UN arises from two primary mechanisms: solid fission
product swelling and gaseous swelling. Solid fission products contribute approximately 1
percent volumetric swelling per 1 %FIMA burnup, a relatively modest contribution due to
the low thermal gradients in UN that discourage significant migration of solid fission atoms
[1]. The dominant swelling mechanism is gaseous swelling, driven by the accumulation and
expansion of fission gas bubbles constrained within the fuel. In the low-temperature, low-
burnup regime, swelling proceeds at a relatively constant rate dominated by the elastic
accommodation of gas bubbles. However, as temperature increases or as fission gas bubbles
coalesce into larger voids at grain boundaries, the creep strength of the fuel becomes the
limiting factor controlling swelling. When the internal gas pressure and thermal stresses
exceed the fuel’s creep strength, accelerated swelling occurs, a phenomenon known as
breakaway swelling, leading to rapid volumetric expansion that can result in cladding contact
and potential mechanical failure.

Historical UN irradiation data demonstrates complex swelling behavior strongly depen-
dent on temperature and power density [1]. Some test campaigns showed progressive linear
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swelling up to 8 percent volumetric swelling over 6 to 8 %AFIMA burnup (saturation swelling),
while others exhibited breakaway swelling at moderate burnups (2 to 4 %FIMA). The physi-
cal origins of these competing behaviors and their dependence on fuel microstructure, fabrica-
tion history, and operating conditions are not fully understood from the historical database.
This variability underscores the necessity for mechanistic modeling validated against targeted
experiments to predict swelling behavior reliably under micro-reactor operating conditions.

1.5 Dissertation Outline

1.5.1 Dissertation Objectives

This dissertation investigates UN fuel performance within the AFQ framework. The
central hypothesis is that mechanistic, first-principles models, rigorously validated and
calibrated using Bayesian UQ, can substantially reduce epistemic uncertainty in fuel
performance predictions while establishing defensible operational boundaries.

Three research goals guide the work:

1. Validate the UN mechanistic model against historical irradiation data, identifying
performance boundaries and regimes where mechanistic understanding is complete or
incomplete.

2. Perform sensitivity analysis to identify high-impact input parameters for calibra-
tion.

3. Calibrate the model via Bayesian inference, quantifying and reducing remaining
uncertainty for regulatory guidance and prioritization of experimental needs.

The research progresses logically from characterization of UN behavior to model
development, validation, and uncertainty quantification.

1.5.2 Dissertation Structure

Chapter 2 establishes the material property foundation for subsequent modeling,
compiling thermal and mechanical properties of UN from historical literature. Temperature-
dependent correlations are developed and uncertainty bounds quantified to define baseline
epistemic uncertainty for downstream models.

Chapter 3 synthesizes historical irradiation data, analyzing fission gas release and
swelling observations. This chapter identifies data gaps, characterizes variability, and
establishes validation targets for mechanistic modeling.

Chapters 4-5 define and validate a mechanistic model for fission gas release and
swelling. The model incorporates fission product generation, bubble kinetics, atomic
diffusion across multiple regimes, and grain boundary behavior. Chapter 5 rigorously
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compares model predictions to experimental data, defining regime-dependent operational
boundaries and extracting key physical insights.

Chapters 6—8 focus on uncertainty quantification. Chapter 6 conducts global sensitivity
analysis to identify influential parameters and quantify prediction uncertainty. Chapter
7 applies surrogate-assisted Bayesian inference to calibrate model parameters, reducing
epistemic uncertainty and producing posterior distributions for forward prediction. Chapter
8 evaluates predictive performance, performing coverage analysis, out-of-sample validation,
and uncertainty decomposition to assess model generalization and reliability.

Chapter 9 synthesizes findings, validating the central hypothesis and discussing
implications for accelerated qualification of UN fuel in advanced reactor environments. The
dissertation demonstrates that integrated mechanistic modeling and UQ provide a robust
framework for fuel performance prediction and informed experimental prioritization.
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Chapter 2

Uranium Mononitride Material
Properties and Correlations

Understanding the temperature-dependent material properties of nuclear fuel is essen-
tial for accurate reactor design, safety analysis, and fuel performance modeling. For UN,
comprehensive characterization of mechanical and thermal properties establishes the founda-
tion for mechanistic fuel performance predictions under micro-reactor operating conditions.
Accurate material property correlations are critical inputs to multiphysics fuel performance
codes such as BISON, which depend on property data to resolve coupled stress-strain and
temperature fields, simulate mechanical feedback on thermal behavior, and evaluate long-
term fuel performance under design and operational conditions [3]. This chapter compiles
experimental data from historical UN characterization campaigns spanning 1960-2020, de-
velops temperature-dependent correlations for critical material properties, and quantifies
uncertainties in these correlations to support subsequent modeling efforts in Chapter 5.
The properties addressed are limited to unirradiated UN fuel at beginning-of-life conditions;
irradiation-induced changes in material behavior, fission gas release, and fuel swelling phe-
nomena are treated separately in Chapter 3.

2.1 Methodology: Material Property Compilation
and Correlation Development

2.1.1 Overview and Computational Context

To construct reliable empirical correlations for material properties suitable for mechanis-
tic fuel performance modeling and uncertainty quantification, a consistent and systematic
approach was employed. The methodology is designed to be broadly applicable across proper-
ties and material systems, ensuring that correlations capture relevant trends in experimental
data while maintaining rigorous statistical validation. Critically, this work explicitly quanti-
fies epistemic uncertainties arising from experimental scatter and data gaps, enabling these
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uncertainties to propagate probabilistically through the model to determine the uncertainty
in key fuel performance metrics.

The material properties developed here serve as direct inputs to engineering-scale fuel
performance codes such as BISON [3], which require material model functions of the form
k(T, ¢) for thermal conductivity, ¢,(T) for specific heat, (7') for thermal expansion, E (T, ¢)
for elastic modulus, é..(T, 0, ') for creep rate, and D(T) for diffusion coefficients. Section
2 details the methodology used to develop these correlations; subsequent sections (3—4)
present the correlations themselves and connect each property to its computational role in
mechanistic models.

2.1.2 Experimental Data Collection and Compilation

A comprehensive literature search spanning six decades of UN research was conducted
to identify all published experimental measurements of material properties. Experimental
data were collected from multiple source categories specifically peer-reviewed journal
articles in materials science and nuclear engineering journals and technical reports from
national laboratories (Los Alamos National Laboratory (LANL),ORNL, Argonne National
Laboratory (ANL), Battelle Memorial Institute (BMI)). The intent was to maximize data
accessibility while maintaining scientific credibility through established publication venues
and quality assurance practices at national laboratories.

Data extraction methodology was rigorous to preserve information quality. Tabulated
property values were transcribed directly with associated measurement conditions. Where
only graphical data were available, digitization was performed using tools to extract nu-
merical values from published figures. For each data point, the following metadata were
recorded: temperature (K), porosity (percent theoretical density), measurement method-
ology, fuel fabrication technique (sintering, arc melting, etc.), and reported experimental
uncertainty where available. Cross-referencing with source publications ensured consistency
and identified any apparent transcription errors.

The experimental database encompasses measurements from the following data sources:

e Elastic Properties: Dynamic resonant frequency methods were employed by Honda
and Kikuchi [4], Padel and de Novion [5], and Whaley et al [6]. Ultrasonic pulse
measurement techniques were used by Hall [7], Muta et al. [8], Speidel and Keller
9], Taylor and McMurtry [10], Guinan and Cline [11], and Adachi et al [12]. This
methodological diversity introduces systematic differences that are explicitly accounted
for in uncertainty quantification.

e Thermal Expansion: Dilatometer measurements were conducted by Speidel and
Keller [9], Taylor and McMurtry (under vacuum to minimize oxidation) [10], DeCres-
cente et al. [13], and Carlsen and Harms [14]. The vacuum testing by Taylor and
McMurtry contrasts with air-atmosphere tests by others; oxidation effects at elevated
temperatures are documented and considered in uncertainty assessment.
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e Thermal Conductivity: Steady-state heat flow measurements were performed by
Kollie and Moore [15], Moore et al. [16], Speidel and Keller [9], Takahashi et al.
[17], Hayes and DeCrescente [18], Endebrock et al. [19], and Muta et al [8]. These
investigations span a broad temperature range (298-1923 K) and multiple measurement
geometries (cylindrical, planar samples).

e Heat Capacity: Differential scanning calorimetry and drop-calorimetry techniques
were employed by Westrum and Barber [20], Counsell et al. [21], Affortit [22],
Harrington [23], Takahashi et al. [17], Oetting and Leitnaker [24], Cordfunke and
Muis [25], and Muta et al. [§].

e Diffusion Coefficients: Nitrogen self-diffusion data come from Holt and Almassy
[26], DeCrescente et al. [13], and Matzke [27]. Uranium self-diffusion data are from
Reimann et al. [28] and Matzke [27].

2.1.3 Correlation Development Approach

For each material property, experimental data was systematically fit to candidate
functional forms: linear, exponential, power-law, and polynomial models. The best-fit
expression was selected based on coefficient of determination (R?) combined with physical
plausibility of the fitted form and extrapolability characteristics. For properties spanning
multiple decades in magnitude (e.g., diffusion coefficients), power-law fits typically provided
the best statistical performance. Uncertainties in developed correlations arise primarily
from statistical uncertainty. Scatter in experimental data around fitted correlations was
characterized by calculating the standard deviation of residuals (difference between measured
values and correlation predictions):

O residual = \/2?1 (Pmeasur;di_k Pcorrelation,i)Q (21)

where n is the number of data points and k is the number of fitted parameters. This standard
deviation quantifies aleatoric uncertainty arising from inherent measurement variability and
material heterogeneity not explicitly parameterized by temperature and porosity.

For each correlation, confidence intervals are reported using the framework:

Closy, = P(T,p) 2 - Oresidual (2.2)
where p(T ,p) is the correlation prediction as a function of porosity and/or temperature, and
Oresidual 18 the standard deviation of residuals from Equation 2.1. Standard deviations were
calculated using appropriate degrees of freedom for the chosen functional form (typically
k = 2 for linear and power-law fits, &k = 3 for quadratic forms).

Model validity was verified through residual analysis. Residuals were plotted versus
predicted values and versus independent variables (temperature, porosity) to check for non-
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random patterns, heteroscedasticity (non-constant residual variance), or other signs of sys-
tematic model inadequacy. Correlations exhibiting residual patterns suggesting model inade-
quacy were refined (e.g., by switching functional forms) until residuals displayed appropriate
random characteristics. This rigorous statistical validation ensures that confidence intervals
accurately capture correlation uncertainty rather than reflecting inadequate model specifi-
cation.

2.2 Mechanical Properties

2.2.1 Overview and Computational Role in Fuel Performance

Mechanical properties are fundamental to understanding the structural behavior of UN
under both steady-state and transient reactor conditions. Parameters such as Young’s
modulus, Poisson’s ratio, creep resistance, and thermal expansion govern the mechanical
response of the fuel to thermal gradients, fission-induced swelling, and externally applied
constraints. These properties not only define the material’s stiffness and deformation
behavior but also control the development of internal stresses that lead to fracture, fuel
pellet relocation, or fuel-cladding mechanical interaction [3].

From a computational perspective, the mechanical properties developed in this section are
direct inputs to the stress-strain solver in mechanistic fuel performance codes (Chapter 4),
where they parameterize the constitutive relationships governing elastic deformation, plastic
creep, and mechanical accommodation of thermal stress and internal fission gas pressure.
Elastic properties control the rate of elastic stress buildup in response to thermal gradients;
creep properties determine how readily plastic deformation relaxes stresses; thermal
expansion coefficients govern the magnitude of thermal stress generation itself.

2.2.2 Temperature-Dependent Elastic Properties

Elastic properties are inherently dependent on porosity, which reduces the effective stiff-
ness of the bulk material by introducing compliance-reducing discontinuities (pores). How-
ever, temperature also plays a significant role in the elastic response through temperature-
induced changes in atomic bonding, lattice constant evolution, and lattice dynamics. While
porosity often dominates experimental scatter in elastic property measurements, measur-
able reductions in elastic moduli with increasing temperature reflect anharmonic effects in
the phonon spectrum and thermal softening of interatomic potentials. Direct experimental
characterization of temperature dependence remains challenging due to difficulties in high-
temperature mechanical testing and maintaining phase stability in UN samples at elevated
temperatures.

In the available literature, only Padel and de Novion [5] have performed temperature
measurements of UN Young’s modulus, providing the only direct experimental data for
temperature dependence. Historically, this temperature dependence was utilized across
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all elastic properties. To overcome limitations imposed by this sparse high-temperature
experimental data, temperature-dependent scaling was incorporated using normalized fits
from ab-initio molecular dynamics (AIMD) simulations by Kocevski et al. [29]. By
combining the accuracy of room-temperature experimental measurements with physics-based
temperature scaling from AIMD, correlations extend beyond the experimental database while
remaining grounded in verified data.

The AIMD data span 300 K to 1800 K under both antiferromagnetic (AFM) and
ferromagnetic (FM) magnetic configurations; normalized scaling factors were applied
following:

PAIMD (T)
PAIMD (Tref)

where Pexp(Tref) is the experimental value at reference temperature (300 K), and Pap (7))
and Pamup(Trer) are the AIMD-computed properties at the target and reference tempera-
tures, respectively. This scaling preserves the experimental baseline accuracy while lever-
aging AIMD’s strength in capturing temperature-dependent physical trends. Resultant
temperature-dependent elastic property correlations are presented as:

Pcorr<T) = Pexp(Tref) : (23)

E(T) = 1.0728 — 2.4269 x 10~*T (2.4)
K(T) = 1.0536 — 1.7869 x 10~*T (2.5)
G(T) = 1.0702 — 2.3401 x 10~*T (2.6)
v(T) = 0.9949 + 5.3524 x 107°T + 3.9272 x 107" (2.7)

where E is Young’s modulus, K is bulk modulus, G is shear modulus, v is Poisson’s ratio,
and T is temperature in Kelvin. These correlations apply over the range 300-1800 K.
The underlying AIMD results are shown in Figure 2.1, which displays normalized elastic
properties versus temperature under both AFM and FM configurations; mechanistic fuel
performance modeling (Chapter 4) primarily utilizes AFM predictions as the ground-state
configuration relevant for reactor conditions at low magnetic fields.

2.2.3 Young’s Modulus

Young’s modulus (or modulus of elasticity) characterizes a material’s stiffness and its
ability to resist uniaxial tensile or compressive stress without permanent deformation.
Mathematically, Young’s modulus is defined as the ratio of stress to strain within the elastic
region of the stress-strain curve (Hooke’s Law):

o

=2 (2.8)

€
where o is the applied stress and € is the induced strain. A material with high modulus
exhibits less elastic strain under a specified applied stress compared to a material with lower
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Figure 2.1: Temperature-dependent elastic properties of UN from ab initio molecular

dynamics simulations [29] normalized to 300 K experimental reference values. Both

antiferromagnetic (AFM) and ferromagnetic (FM) magnetic configurations are shown.

modulus. As temperature increases, atomic vibration within the crystal structure intensifies,
effectively increasing interatomic distances and weakening atomic bonding, which reduces
Young’s modulus. This temperature softening is captured in Equation 2.4.

Experimental data for UN Young’s modulus span nine independent investigations
employing either dynamic resonant frequency methods [4-6] or ultrasonic pulse measurement
techniques [7—12]. All room-temperature measurements were performed at approximately
300 K, with porosity ranging from theoretical density (i.e. 0% porosity) to approximately
30% porosity. Using a power-law fit combined with normalized AIMD temperature scaling
(Equation 2.3), the Young’s modulus correlation becomes:

E(T, D) = 2.479 x 10~*(D)*°"? [1.0728 — 2.4269 x 10~*T|

[GPa (2.9)

where D is the percent theoretical density and T is temperature in Kelvin. This correlation
applies over 300-1800 K and 70-100% TD. The uncertainty envelope encompassing the
correlation is £28.1 GPa (£20), with all experimental data within this band. For high-
density UN samples (>95% TD), predictions fall within 10% of measured values, validating
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applicability to micro-reactor fuel specifications where density typically exceeds 95% TD.
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Figure 2.2: Experimental Young’s modulus data for UN versus percent theoretical density
at room temperature (/=300 K) for data from nine independent research groups [4-12].
Uncertainty band represents +2¢ residual scatter (£28.1 GPa).

2.2.4 Poisson’s Ratio

Poisson’s ratio describes the lateral (transverse) strain that develops when a material
experiences axial strain under uniaxial loading. It is defined as the negative ratio of transverse
to axial strains:

U= — €transverse (210)
€axial
The negative sign ensures Poisson’s ratio is always positive. For isotropic materials,
Poisson’s ratio typically ranges between 0 and 0.5. Poisson’s ratio is coupled to Young’s
modulus and shear modulus through elastic theory, allowing derivation of one quantity if the
others are known experimentally.
Limited experimental data exist for UN’s Poisson’s ratio. Only two studies [5, 12] directly
measured or inferred this quantity at room temperature. Augmenting sparse experimental
data with AIMD temperature scaling (Equation 2.3), the Poisson’s ratio correlation is:
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v(T, D) = 7.575 x 107*(D)"** [0.9949 + 5.3524 x 107°T + 3.9272 x 107°7%]  (2.11)

The polynomial temperature dependence (visible in Equation 2.7) from AIMD captures
a subtle increase in Poisson’s ratio with temperature, reflecting changes in acoustic wave
propagation velocities and competition between shear and normal stiffness evolution with
temperature. Uncertainty bounds are 40.029 (4+20), with experimental data scattered
within 21% of the fitted trend and average differences of 5%. For high-density UN, predictions
show agreement within 10% of measured values.

0.325 1 .
—— Miller et al.
Tl +  Padel and deNovion
0.300 \\\\ Taylor and McMurtry
\\\\ A Guinan and Cline
02751 & \‘\\\ ¥V  Whaley et al.
TS~ Adachi et al.

o
= 0250 7
27
Rl
[=]
Q 0.225
2
S
=¥

0.200 1

0.175 1

0.150 1

0.00 0.05 0.10 0.15 0.20 0.25 0.30

Porosity

Figure 2.3: Experimental Poisson’s ratio data for UN versus percent theoretical density
at room temperature (300 K) for data from two independent research groups [5, 12].
Uncertainty bands represents +2¢ residual scatter (+0.029).

2.2.5 Shear Modulus

Shear modulus (or rigidity modulus) quantifies a material’s resistance to shear deforma-
tion. Unlike Young’s modulus, which describes response to normal stress, shear modulus
governs material stiffness under shear loading. Shear modulus is defined as:

-
G=- 2.12
S (2.12)
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where 7 is the applied shear stress and ~ is the shear strain. The three independent elastic
constants for isotropic materials, Young’s modulus, shear modulus, and Poisson’s ratio), are
interrelated through:

E
G — m (2.13)
For UN, shear modulus exhibits similar porosity and temperature trends to Young’s
modulus, though with distinct sensitivity coefficients reflecting differences in how shear and
normal deformations couple to the material microstructure. Integrating experimental data
from six ultrasonic measurement campaigns [5, 6, 9-12] with normalized AIMD temperature
scaling, the shear modulus correlation is:

G(T, D) = 2.173 x 107°(D)**? [1.0702 — 2.3401 x 10~*T']  [GPa] (2.14)

The higher porosity exponent (3.353 versus 3.013 for Young’s modulus) indicates that
shear modulus is more sensitive to porosity variations, likely reflecting the pronounced effect
of pores as stress concentrators under shear loading. Uncertainty bounds are +7.96 GPa
(£20), with 95% of experimental data within this envelope and average differences of 5%.
For high-density fuel, shear modulus predictions fall within 10% of measured values except
for Taylor and McMurtry data, which shows agreement within 13%.

2.2.6 Bulk Modulus

Bulk modulus (or incompressibility) represents the material’s resistance to volumetric
compression and is directly related to Young’s modulus and Poisson’s ratio through:

E
K = m (2.15)
Physically, bulk modulus characterizes how hydrostatic pressure (or uniform stress)
changes material density. For UN under reactor conditions where fuel pellets experience
modest internal pressure from fission gas accumulation, bulk modulus influences the coupling
between internal pressure and density changes, controlling the swelling response to fission
gas bubble pressurization. The bulk modulus is defined formally as:

K=-Pos (2.16)

where P is applied pressure and V' is volume.

Experimental data for bulk modulus are limited; only four independent studies provided
sufficient data for correlation development. Combining these measurements [5, 6, 11, 12]
with normalized AIMD predictions, the bulk modulus correlation is:

K(T,D) = 4.425 x 107%(D)***! [1.0536 — 1.7869 x 10~*T|  [GPa] (2.17)
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Figure 2.4: Experimental shear modulus data for UN versus percent theoretical density
at room temperature (300 K) for data from six independent research groups [5, 6, 9-12].
Uncertainty band represents £20 residual scatter (£7.96 GPa).

Bulk modulus exhibits the largest relative uncertainty among elastic moduli: +19.0 GPa
(+20). This elevated uncertainty stems from both experimental scatter and sensitivity
to subtle differences in sample preparation and pore geometry. High-density UN samples
show bulk modulus values within 10% of predictions (Taylor and McMurtry data at 15%),
supporting model applicability for near-theoretical-density micro-reactor fuel. Bulk modulus
enters mechanistic models where it controls the relationship between internal gas bubble
pressure and density change, directly affecting the coupling between fission gas accumulation
and fuel swelling.

2.2.7 Thermal Creep

Creep is the time-dependent permanent deformation of a material subjected to constant
stress at elevated temperature. As illustrated in the classical creep curve, creep deformation
progresses through three distinct stages: (1) primary creep exhibits high plastic deformation
rate that decreases over time as work hardening accumulates; (2) secondary creep shows a
relatively constant strain rate (steady-state), where work hardening is balanced by recovery
processes; (3) tertiary creep exhibits a rapid strain rate increase, typically leading to material
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Figure 2.5: Experimental bulk modulus data for UN versus percent theoretical density at
room temperature (300 K) for data from four independent research groups [5, 6, 11, 12].
Uncertainty band represents +20 residual scatter (£19.0 GPa).

failure. For ceramics such as UN, creep becomes mechanistically important at temperatures
above approximately 50% of the melting temperature. Since the melting point of UN is
approximately 3120 K, significant creep rates are anticipated above approximately 1560 K.

Nuclear fuels subjected to radial temperature gradients experience substantial thermal
stress in the fuel. Thermal creep can cause permanent dimensional changes; when creep
occurs and the applied load is removed, material relaxation does not follow the original
elastic pathway, resulting in permanent deformation. A practical consequence is a permanent
increase in fuel pellet radius, potentially reducing clearance with the cladding and eventually
leading to fuel-cladding mechanical interaction, a concern particularly important in compact
micro-reactor core designs where initial pellet-cladding gap is small.

High-temperature, steady-state creep rate is described by the power-law relation:

: _ Q
¢ = Ad ™o exp | — —— 2.18
o(- (2.18)
where ¢ is the creep rate, d is grain size, m is the grain size exponent, o is applied stress, n
is the stress exponent, () is activation energy, R is the gas constant, and T is temperature.
The empirical constants A, m, n, and ) must be determined experimentally.
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Hayes et al. [30] performed a comprehensive creep analysis using UN data from Fassler
et al. [31], Vandervoort et al. [32], and Massaaki and Michio [33] across temperatures 1770
2083 K and stresses 20-34 MPa. A stress exponent of 4.5 was determined, indicating that
UN follows a dislocation climb mechanism at high temperatures (stress exponents 2.5-5.0
characterize dislocation climb [34]). Since UN creep is dominated by dislocation climb, it
is independent of grain size (m = 0). Based on porosity sensitivity observations between
hypo-stoichiometric porous and stoichiometric dense samples, porosity significantly impacts
creep rate; however, due to limited experimental data spanning the full stress-temperature
space, the primary correlation assumes theoretically dense UN:

T

where o is applied stress in MPa and T is temperature in Kelvin. This relation is specific
to the experimental testing conditions specified above (1770-2083 K, 20-34 MPa). The
correlation yields reasonable values down to approximately 1350 K. For porous UN, a porosity
correction factor applies:

39369.5
¢ = 2.054 x 1073*55%% exp (— ) [1/s] (2.19)

P
27.6 — 8.65P

where P is the fractional porosity. The corrected creep rate is obtained by multiplying
Equation 2.19 by Equation 2.20.

The temperature dependence of creep (exponential in Equation 2.19) creates strong
coupling. Modest increases in centerline temperature due to higher power or reduced thermal
conductivity can double or triple creep rates, dramatically affecting swelling accommodation
mechanisms.

£, =0.9871 — (2.20)

2.2.8 Coefficient of Thermal Expansion

The coefficient of thermal expansion (CTE) describes the fractional change in length per
unit temperature change:

e

C =L ar

where [y is the original length and T is temperature. Thermal expansion plays a critical

role in fuel performance. As temperature varies radially within a fuel pellet, differential

expansion induces complex internal stress fields. Radial temperature gradients cause the

center to expand more than the surface, generating tensile stresses on the pellet surface that

can lead to radial cracking and mechanical fracture. Understanding fuel pellet expansion is

essential for predicting pellet-cladding mechanical interaction, associated cladding stresses,
and thermal fatigue from operational cycling.

Experimental data for UN thermal expansion span four independent investigations [9, 10,

13, 14] using dilatometer methods over room temperature to approximately 2500 K. Taylor

(2.21)
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Figure 2.6: Typical creep deformation curve showing strain versus time at constant stress.
Three distinct stages are visible: primary creep (high strain rate, decreasing over time as
work hardening accumulates), secondary creep (relatively constant strain rate, steady-state
where hardening balances recovery), and tertiary creep (accelerating strain rate to failure).

and McMurtry [10] conducted experiments under vacuum to minimize oxidation while others
performed tests in air with noted oxidation at elevated temperatures. Data were collected
at various porosities: DeCrescente et al. [13] at 94% TD, Carlsen and Harms [14] at 91.5%
TD, Taylor and McMurtry [10] at 89.0% TD, and Speidel and Keller [9] at 97.6% TD.

Using a power-law fit that best captures the experimental data distribution, the thermal
expansion coefficient correlation is:

a(T) = 2.089 x 10757929 [1/K] (2.22)

valid over 298-2523 K and 0-20% porosity. This power-law form reduces the average spread
between experimental data and theoretical predictions by approximately a factor of three
compared to alternative fitting forms. The uncertainty envelope is +£6.453 x 1077 1/K
(£20), with all experimental data within 13% of the trendline and average differences of 3%.
Hayes et al. [35] developed a linear correlation using lattice parameter changes that is also
applicable, however, the power-law form presented here minimizes residual variance across
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the full experimental database and is therefore preferred for fuel performance modeling. The
subtle temperature exponent (0.209) reflects the gradual saturation of thermal expansion at
elevated temperatures as lattice anharmonicity effects plateau.
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Figure 2.7: Experimental thermal expansion coefficient data for UN versus temperature for
data from four independent research groups [9, 10, 13, 14]. Uncertainty band represents +2c
residual scatter (£6.453 x 1077 1/K).

In mechanistic models, thermal expansion couples to the thermal stress generation via
the thermal strain induced by temperature gradients:

T
€thermal = / (I(T/)dT, (223)
ref

The variation of o with temperature affects the radial stress profile within the fuel and
is coupled to elastic properties (Young’s modulus) to predict stress magnitudes. Higher
thermal expansion coefficients generate larger thermal strains and thus larger stresses for a
given temperature gradient.

2.2.9 Uranium and Nitrogen Self-Diffusivity

Diffusion in UN is less extensively studied compared to more established fuels such as
UQO,, yet experimental data exist from multiple sources combined with recent computational
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approaches. Diffusion properties are critical for understanding fission gas behavior, fuel
swelling mechanisms, and long-term performance under irradiation. Self-diffusion coefficients
parameterize the Fick’s law constitutive equation governing mass transport of uranium
and nitrogen atoms through the lattice, which in turn affects the rate of fission gas atom
migration, fission product precipitation, and bubble nucleation kinetics.

2.2.9.1 Nitrogen Self-Diffusivity

Experimental nitrogen diffusion data come from several sources employing distinct
measurement techniques: Holt and Almassy [26] used alpha particle activation analysis;
DeCrescente et al. [13] performed direct measurements (noting that unit conversions from
Celsius to Kelvin reconcile apparent high values with other sources); Matzke [27] reported
values across a wide temperature range. Multiple computational approaches augment
experimental data: developed cluster dynamics models [36], applied machine learning
optimization [37], and developed neural network surrogates [38].

The nitrogen self-diffusion correlation developed for this work, valid over 1400-2400 K,
is:

Dn(T) = 1.255 x 107971529 [1? /g] (2.24)

Uncertainty bounds are +1.199 x 107 m? /s (+-20), with experimental data within 144%
of the trendline and average differences of 32%, indicating substantial scatter. This large
uncertainty reflects both the experimental challenges inherent in measuring diffusion at high
temperatures and the limited temperature range (1400-2400 K) of available data.

2.2.9.2 Uranium Self-Diffusivity

Uranium diffusion data are more limited. Reimann et al. [28] used alpha energy
degradation methods; results qualitatively agree with defect chemistry calculations and show
dependence on nitrogen partial pressure. Matzke [27] generated U diffusion coefficients at
two nitrogen partial pressures.

The uranium self-diffusion correlation developed for this work, valid over 1900-2200 K
(combining data from both nitrogen pressures), is:

Dy(T) = 1.604 x 107106726264 [1y? /g (2.25)

Uncertainty bounds are +2.267 x 107 m?/s (4+20), with experimental data within
175% of the trendline and average differences of 65%, indicating very significant scatter.
This exceptionally large uncertainty reflects both the experimental challenges in measuring
uranium diffusion and the very limited temperature range (1900-2200 K) of available data.
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Figure 2.8: Experimental nitrogen self-diffusion data for UN versus temperature (1400-2400
K) from multiple sources [13, 26, 27]. Uncertainty band represents +2¢ residual scatter.

2.3 Thermal Properties

2.3.1 Overview and Computational Role

Material selection for nuclear reactors is strongly influenced by thermal response to
temperature changes, thermal gradients, and elevated temperatures. Thermal conductivity
of nuclear fuel directly impacts the maximum centerline temperature that develops during
operation. Higher thermal conductivity facilitates more efficient heat transfer through
the fuel, reducing the temperature difference between center and surface. Understanding
thermal properties enables accurate prediction of fuel temperature distributions, which drive
mechanical stress fields, fission gas release kinetics, and long-term dimensional stability. The
thermal properties presented in this section, thermal conductivity and specific heat capacity,
are direct inputs to the transient thermal equation that the fuel performance codes solve
iteratively coupled with mechanical deformation and fission gas transport.

From a computational standpoint, thermal conductivity enters the heat conduction
equation:

oT
c = =
p p at
where p is density, C,, is specific heat capacity, T is temperature, k is thermal conductivity,

V- (kVT) + ¢ (2.26)



CHAPTER 2. UN MATERIAL PROPERTIES AND CORRELATIONS 27

10—17
—— Miller et al.
—— Matzke
+  Matzke (.1 MPa)
~ 1 Matzke (.001 MPa)
E|m 10-184

10—19 4

10—20 i

Uranium Diffusion Coefficient [

10 _21 T T T T T T T
1800 1850 1900 1950 2000 2050 2100 2150 2200

Temperature [K]

Figure 2.9: Experimental uranium self-diffusion data for UN versus temperature (1900-2200
K) (both nitrogen pressure regimes combined) [27, 28]. Uncertainty band represents +2¢
residual scatter.

and ¢ is volumetric heat generation rate (from fission). Thermal conductivity multiplies the
temperature gradient term, directly controlling how efficiently heat diffuses radially from the
high heat generation center toward the cooler surface. Higher thermal conductivity reduces
the temperature difference required to conduct a given heat flux, thereby reducing centerline
temperatures and thermal gradients. Thus, thermal conductivity uncertainty propagates to
all downstream fuel performance predictions.

2.3.2 Thermal Conductivity

2.3.2.1 Thermal Transport Physics in UN: Electronic vs. Phononic
Contributions

Thermal conduction is the process by which heat transfers across a material due to
a temperature gradient, with energy flowing from high to low temperature regions. This
process is quantified by thermal conductivity, defined through Fourier’s law:

dg  dT

= — 2.2
dt dx (2.27)
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where % is the rate of heat flow per unit time, k is thermal conductivity (W/(m-K)), and

dt
Cfl—: is the temperature gradient across the material. Heat transfer in solids occurs through
two primary physical mechanisms: lattice vibrations (phonons) and free electron movement.
When both mechanisms are present, the total thermal conductivity is the sum of phonon

and electronic contributions:

ktotal = k:phonon + kelectronic (228)

For most ceramic materials, thermal energy transport is dominated by lattice vibrations.
Phonons carry thermal energy from regions of high temperature to low temperature through
crystal lattice interactions. However, phonon mobility is intrinsically lower than free electron
mobility because phonons require scattering events with the lattice rather than direct
transport [39]. Consequently, ceramic thermal conductivities are typically lower than those
of metals and exhibit decreasing thermal conductivity with increasing temperature due to
enhanced phonon-phonon scattering. For example, UO, follows this behavior with thermal
conductivity decreasing monotonically with temperature.

UN exhibits fundamentally different thermal transport physics. Computational studies
using multiple methods, such as local density approximation + dynamical mean field theory
(LDA+DMFT) [40], MD [41], quantum espresso (QE) [42, 43|, and AIMD [29], consistently
demonstrate that UN thermal conductivity is dominated by free electron movement rather
than phonon transport. Yin et al. [40] reported that at 1000 K, the phonon contribution to
thermal conductivity is only 4.4 W /(m-K), while the electronic contribution is 12.1 W/(m-K),
yielding a total of 16.5 W/(m-K). This electronic dominance arises from UN’s rock salt (NaCl)
crystal structure and metallic-like electronic band structure, which supports substantial free
carrier density. As a consequence, UN thermal conductivity increases with temperature
(Figure 2.10), opposite to the behavior of UOy and most ceramics. This temperature-
increasing trend reflects enhanced electronic mobility at elevated temperatures, partially
offset by increased phonon scattering. This distinctive physics makes UN more suitable
to UO; for high-temperature applications where maintaining high thermal conductivity is
advantageous.

Phonon transport in UN, though subdominant at unirradiated baseline, is heavily
influenced by defects that form under irradiation, including fission products on the lattice,
point defects, and dislocations. These defects act as phonon scattering centers, reducing
phonon conductivity. Fission-induced microstructure evolution therefore affects thermal
conductivity through phonon scattering degradation, even though electronic contributions
dominate the baseline.

2.3.2.2 Data Compilation and Porosity Effects

Porosity significantly impacts UN thermal conductivity through two mechanisms: (1) air-
filled pores having low thermal conductivity, directly reducing effective thermal conductivity
through volume averaging, and (2) pore surfaces act as phonon scattering sites, further
reducing phonon transport [39]. Experimental data systematically demonstrate that
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Figure 2.10: Comparison of thermal conductivity for UN and UO, versus temperature.

thermal conductivity decreases on average by 12.5% for every 5% reduction in density [44].
Experimental thermal conductivity data for UN span seven independent investigations [8,
9, 15-19] conducted between room temperature and approximately 1923 K across porosities
from theoretical density to 30% porosity.

Experimental data exhibit scatter beyond porosity effects. Cross-referencing fabrication
provenance data reveals that oxygen concentration in UN samples systematically lowers
thermal conductivity. Takahashi et al.’s 89.9% TD sample with the highest oxygen
concentration (0.085 wt.%) exhibits the lowest thermal conductivity among comparable-
density samples [17]. Similarly, comparing the two Speidel and Keller samples, the specimen
with higher oxygen concentration (0.047 wt.%) yields lower thermal conductivity than the
oxygen-free sample (0.0 wt.%) [9]. Oxygen forms oxide phases (primarily UOy and UsN3) at
grain boundaries, introducing phonon scattering sites and disrupting electronic conduction
paths. Additional microstructural variables influencing thermal conductivity include grain
size, grain boundary density, dislocation density, and impurity content.

Figure 2.12 shows experimental data at measured porosities, while Figure 2.13 shows
data corrected to 100% TD using the porosity correction factor:

kp = koo — 2.14P (2.29)

where k, is the thermal conductivity of the porous sample, kjgo is the thermal conductivity
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at 100% TD, and P is the volume fraction porosity.
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Figure 2.11: Experimental thermal conductivity data for UN versus temperature at various
porosities [44].

2.3.2.3 Thermal Conductivity Correlation

Using a power-law fit to the compiled experimental database combined with the porosity
correction, the thermal conductivity correlation developed for this work is:

k(T,P) = (2.123 — 2.14P) T°**®  [W/(m-K)] (2.30)

where T is temperature in Kelvin and P is volume fraction porosity. This correlation applies
over 298-1923 K and 0-20% porosity. The temperature exponent (0.338) reflects the balance
between increasing electronic mobility (which increases k) and phonon scattering saturation
at elevated temperatures (which decreases k). Uncertainty bounds are +5.03 W/(m-K)
(£20), with experimental data within 39% of the trendline and average differences of 11%.
For high-density UN, thermal conductivity predictions agree within 15% of measured values
across the full temperature range, validating applicability to micro-reactor fuel specifications
where density targets exceed 95% TD.

The thermal conductivity correlation enters fuel performance models as a critical input
controlling the fuel temperature distribution. Uncertainties in thermal conductivity directly
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propagate to centerline temperature predictions, which in turn affect creep rate, fission gas
diffusion kinetics, and swelling rates through exponential temperature dependencies.
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Figure 2.12: Experimental thermal conductivity data for UN versus temperature at
experimental porosities from seven independent research groups[8, 9, 15-19]. AIMD [29],
LDA+DMEFT [40], and MD [41] computational predictions overlay experimental data.

2.3.3 Specific Heat Capacity
2.3.3.1 Heat Capacity Theory and Temperature Dependence

Heat capacity quantifies the amount of energy required to raise the temperature of a
material by 1 K, defined as:

_dq
== (2.31)

where C'is heat capacity (J/(mol-K)) and d@ is the energy required to produce a temperature
change dT. Specific heat capacity extends this definition to a per-unit-mass basis (J/(g-K)).
Heat capacity can be measured under two thermodynamic constraints: constant volume
(Cy) or constant pressure (Cp). These are related by the Nernst-Einstein equation:

Cp = Cy + KT (2.32)
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Figure 2.13: Experimental thermal conductivity data for UN versus temperature corrected
to 100% TD using porosity correction factor (Equation 2.29). Uncertainty band represents
+20 residual scatter (£5.03 W/(m-K)).

where k is an empirically determined constant and T is temperature.

Einstein developed a theoretical framework for heat capacity based on phonon contribu-
tions, treating lattice vibrations as independent quantum harmonic oscillators. The Einstein
model for constant-volume heat capacity is:

B O\’ exp(Og/T)
0 =38 (F) fBe T (239

where R is the universal gas constant, O is the Einstein temperature (K), and T is
material temperature (K). The Einstein temperature represents the characteristic vibrational
frequency of the lattice; for UN, © p was empirically determined to be 365.7 K through fitting
to experimental data.

2.3.3.2 Experimental Data and Computational Validation

Experimental heat capacity data for UN span eight independent investigations conducted
between 298 K and 2900 K [8, 17, 20-25]. Measured heat capacities were obtained at constant
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pressure. Hayes et al. [45] developed a best-fit correlation for UN heat capacity by empirically
determining the constants in Equations 2.32 and 2.33.

2.3.3.3 Heat Capacity Correlation

The resulting correlation is:

(Op)*

C,(T) = 51.14 + o0 (O5/T) 1P

exp(Og/T) +9.941 x 107°T  [J/(mol-K)]  (2.34)

where O = 365.7 K and T is temperature in Kelvin. This correlation applies over 298—
2900 K. The first term (51.14 J/(mol-K)) represents the high-temperature (classical) limit
(Dulong-Petit law); the second term captures phonon contributions via the Einstein model;
the third term accounts for electronic heat capacity contributions (linear in temperature),
reflecting the metallic-like electronic structure of UN. Uncertainty bounds are +£5.34
J/(mol-K) (£20), with experimental data within 14% of the trendline and average differences
of 3%.

Computational validation was performed using AIMD (Kocevski et al. [29]) and MD
(Kurosaki et al. [41]). AIMD calculations show good agreement with experimental data
across the full temperature range, capturing both phonon and electronic contributions.
Molecular dynamics results systematically underestimate heat capacity because MD consid-
ers only atomic motion (phonon contributions) without electronic contributions. Kurosaki
et al. [41] noted that the difference between MD predictions and experimental data reflects
precisely the electronic heat capacity term (9.941 x 10737 in Equation 2.34), providing com-
putational validation of the electronic contribution to UN’s thermophysical properties and
confirming the correctness of the correlation structure.

2.4 Summary and Integration with Irradiation
Physics

This chapter has established the comprehensive material property foundation required for
predicting UN fuel performance under micro-reactor operating conditions. The correlations
developed here, spanning elastic moduli, thermal expansion, creep, thermal conductivity,
heat capacity, and diffusion coefficients, represent a systematic compilation and analysis of
experimental data spanning six decades (1960-2020) of UN characterization campaigns.

Under irradiation, these baseline material properties become starting points for under-
standing how fission products and displacement defects modify UN’s thermomechanical re-
sponse. Fission gas atoms (xenon and krypton) generate within the fuel at rates controlled
by the fission rate, and their subsequent migration through the lattice and accumulation
in bubbles depends critically on uranium and nitrogen self-diffusion coefficients. The com-
peting mechanisms of gas bubble nucleation and growth within the grain structure versus
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Figure 2.14: Experimental heat capacity data for UN versus temperature from eight
independent research groups (298-2900 K) [8, 17, 20-25]. Uncertainty band represents +2c
residual scatter (£5.34 J/(mol-K)).

coalescence at grain boundaries, processes central to fission gas release and fuel swelling,
depend on material properties including surface energy, bulk modulus, and shear modulus.
Irradiation-induced hardening and embrittlement, while not quantified in the unirradiated
baseline, arise from accumulation of point defects and dislocations that interact with existing
microstructure, effectively modifying the creep strength that controls swelling rates.

Chapter 3 examines the historical UN irradiation database, synthesizing experimental
observations of fission gas release and fuel swelling across multiple test programs and
operating conditions. The material properties established in the present chapter serve as
essential inputs to the mechanistic models developed in later chapters, which predict how
fission gas generation, diffusion, and release rates respond to the coupled thermal-mechanical
fields within an irradiated fuel pin. By combining the baseline material properties here with
an understanding of irradiation-induced microstructural evolution, mechanistic modeling of
fission gas release and swelling, and rigorous uncertainty quantification, this dissertation
enables confident fuel performance predictions across the operational envelope anticipated
for advanced micro-reactor systems.
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Chapter 3

Fuel Performance Under Neutron
Irradiation

3.1 Overview and Computational Role

Understanding uranium mononitride fuel behavior under neutron irradiation is essential
for fuel performance prediction in micro-reactor environments. Neutron irradiation intro-
duces two fundamental changes to fuel that directly affect all thermomechanical properties
developed in the preceding chapter. Fission gas generation, where neutron-induced fission
creates fission product atoms (primarily xenon and krypton) that must be accommodated
within the fuel matrix, and irradiation-induced microstructural evolution, where displace-
ment cascades create vacancies, interstitials, dislocations, and defect clusters that accumulate
with dose. These irradiation-induced defects degrade mechanical properties, enhance fission
gas atom diffusion, and promote fission gas bubble nucleation and growth at grain boundaries
and intragranular sites.

This chapter synthesizes historical UN irradiation testing data spanning the 1960s to
the early 2000s, including the SNAP-50 programs at CANEL and ORNL [13, 46], BR-10
testing in the Russian fast reactor [47, 48], NASA Advanced Power Reactor testing at Plum
Brook Reactor Facility [49, 50], Battelle high-temperature testing at the Battelle Research
Reactor [51, 52|, and SP-100 irradiation campaigns at EBR-II and FFTF [53]. Together,
these programs provide quantitative relationships between operating conditions (irradiation
temperature, power density, burnup) and fuel performance outputs (volumetric swelling,
fission gas release). Rather than presenting scattered phenomenology, this chapter establishes
the physical basis for fission gas release and swelling as the primary performance-limiting
mechanisms, documents the critical temperature and burnup regimes where swelling behavior
transitions from gradual accumulation to rapid saturation, and identifies microstructure-
dependent effects that will inform mechanistic model development. The unified database
of historical measurements directly constrains model parameters and provides experimental
benchmarks for validation of uncertainty quantification analysis.
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3.2 Fundamental Mechanisms Governing
Irradiation-Induced Fuel Performance

Before examining individual testing programs, the underlying physical mechanisms
governing fission gas release and fuel swelling must be established, as these phenomena
represent the primary limiting factors for fuel qualification and operational lifetime.

3.2.1 Fission Gas Generation and Transport

Each fission event in UN produces two fission fragments plus gaseous fission products
with noble gas isotopes (principally *3Xe and 8Kr) comprising approximately 25-30% of
the fission yield by atom count. Within microseconds after fission, thermalization of recoil
energy dissipates the fission fragment kinetic energy, implanting fission gas atoms at random
lattice positions within the fuel matrix. These implanted gas atoms follow several migration
pathways where they may remain dissolved or precipitate into small bubbles within the
grain interior at low temperatures, they may migrate toward grain boundaries through
thermally-activated interstitial diffusion driven by concentration gradients, or they may
coalesce at grain boundaries or dislocations into larger bubbles once local concentrations
exceed the solubility limit, eventually releasing gas to the fuel surface. The kinetics
of gas atom migration, bubble nucleation, and bubble coalescence depend critically on
temperature (which governs diffusion rates via an Arrhenius dependence) and on the local
defect concentration (which provides both sinks for gas atoms through recombination and
enhanced diffusion pathways via radiation-accelerated diffusion).

The effective diffusivity of fission gas atoms in irradiated UN is substantially higher than
uranium and nitrogen self-diffusion coefficients alone would suggest, due to enhancement
from irradiation-produced point defects and defect complexes. At low temperatures (below
approximately 1400 K), fission gas is largely retained within the fuel unless mechanisms for
accelerated gas release such as grain boundary recoil knockout, stress-driven micro-cracking,
or density-driven gas escape through interconnected porosity become active. At elevated
temperatures and high fission rates (high power density), fission gas atoms migrate rapidly
to grain boundaries where they coalesce into bubbles. If sufficient gas accumulates at grain
boundaries and the resulting bubble pressures exceed the mechanical strength of the grain
boundary, interconnected porosity networks form and gas begins to escape to the fuel surface
and plenum space.

3.2.2 Fuel Swelling Mechanisms and Saturation Phenomena

Fuel swelling under irradiation arises from several coupled mechanisms. Fission gas atoms
precipitated into bubbles occupy volume within the fuel matrix. The volume occupied by
fission gas depends on bubble pressure, which is governed by the balance between surface
tension, internal gas pressure, and matrix stress. Solid fission products from the fission
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process remain at their point of formation and accumulate throughout irradiation; for UN,
particulate swelling from solid fission products typically contributes approximately 0.5%
volumetric increase per 1% %FIMA burnup [54]. Fission gas preferentially migrates to
grain boundaries where lower surface energy reduces the thermodynamic driving force for
bubble nucleation. Once grain-boundary bubbles form and grow through coalescence, they
occupy progressively larger fractions of the grain boundary area, eventually linking to form
interconnected porosity pathways that provide channels for fission gas escape to the fuel
surface.

Beyond the volumetric contributions from fission gas and particulate products, neutron
irradiation accelerates plastic deformation through irradiation-enhanced creep mechanisms
involving mobile point defect fluxes driven by irradiation-induced defect production rates
[55].  This irradiation-enhanced creep exhibits fundamentally different temperature and
stress dependencies compared to thermal creep where the creep rate is linearly proportional
to applied stress rather than following power-law stress dependence, and at temperatures
below approximately 0.3 T,, (approximately 1000 K for UN), the mechanism is athermal,
driven by stress-directed migration of self-interstitial clusters rather than thermally-activated
vacancy diffusion. Irradiation-enhanced creep accommodates volume changes from fission
gas bubble swelling and solid fission product accumulation without proportional increases in
macroscopic dimensional change, provided stress levels remain moderate.

A critical phenomenon observed in multiple high-temperature testing programs is
saturation swelling [51]. Early in irradiation, fission gases rapidly migrate to grain
boundaries via interstitial diffusion, where they coalesce into bubbles. This rapid grain-
boundary bubble formation causes fast volumetric increase during the initial saturation
phase, typically resulting in 20-40% volumetric swelling at burnups of approximately 0.5—
1.0 %FIMA. Once the fuel reaches approximately 20% volumetric swelling and grain-
boundary bubble coalescence reaches interconnectedness (typically 75% or more of porosity
becoming interconnected), fission gas production and release reach an equilibrium where
newly generated fission gas is approximately balanced by gas release through interconnected
pathways. Therefore, volumetric increase stabilizes and becomes approximately constant
at higher burnups (plateau phase). In contrast, lower-temperature operation or fuel with
smaller grain size exhibits more gradual (approximately linear) swelling accumulation, where
fission gas migration to grain boundaries is slower and only a fraction of generated gas
escapes, allowing continued volume accumulation with burnup.

3.3 Historical Irradiation Testing Programs and Key
Findings

3.3.1 BR-10: Fast Reactor Testing

The Bystry Reactor-10 (BR-10) is a sodium-cooled fast test reactor that operated in
Russia from 1959 to 2002 at the Institute for Physics and Power Engineering (IPPE) in
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Obninsk. UN fuel testing occurred in the fourth and fifth reactor loadings between 1983
and 2002 [47, 48], making it the most contemporary large-scale irradiation program in the
historical database. The program irradiated 1250 driver subassembly (SA) fuel pins at
maximum fuel temperatures of 1175 K (driver pins) to 1910 K (experimental assemblies K-
1, K-3), with fuel densities ranging from 85-94% theoretical density and maximum burnups
reaching 8-8.8 %FIMA.

Three experimental fuel subassemblies (UN-2, K-1, K-3) were selected for detailed post-
irradiation examination. A key distinguishing feature was the systematic investigation of
fabrication process effects on fuel performance. UN-2 was intentionally divided into two
variants, one segment with helium bonding and another with sodium bonding, enabling
direct comparison of thermal conductance effects at controlled irradiation conditions.
The bonding material directly affects the fuel-cladding gap conductance and thus the
fuel centerline temperature; sodium provides approximately 5-10 times higher thermal
conductance than helium, producing lower fuel centerline temperatures and modulating
swelling behavior independent of neutron flux. K-1 and K-3 were both helium-bonded
UNfuel pins but fabricated via distinctly different uranium metallurgical processes. K-1
employed the hydrogenation-nitriding process, while K-3 employed carbothermic reduction
of uranium dioxide. The carbothermic process produced uranium oxide impurities that
required post-synthesis purification; this design directly tested whether fabrication history
and resulting oxygen impurity levels influence swelling and gas release behavior, controlling
for temperature and neutron flux [48].

For volumetric swelling versus burnup, driver pin central pellets irradiated at 1473 K
exhibited a swelling rate of 1.65% per 1 %FIMA burnup, while upper and lower pellets
at lower temperature (1100 K) showed 1.35% per 1 %FIMA, demonstrating temperature
acceleration of approximately 1.22x across a 373 K temperature difference. The gas-
bonded UN-2 at 1530 K showed a swelling rate approximately 2.0x higher than the sodium-
bonded UN-2 at 1100 K, confirming that thermal conductance directly modulates swelling
accumulation rates.

Most remarkably, K-1 and K-3, irradiated at nominally identical temperature (1670 K)
but fabricated by different metallurgical processes, yielded volumetric swelling rates of 2.0%
and 2.6% per 1 NWFIMA respectively [48]. This 30% difference in swelling rate at constant
temperature is substantial and conclusively demonstrated that fabrication process and
its attendant microstructural and impurity effects significantly influence swelling behavior
independent of thermal conditions. Oxygen content analysis showed K-3 contained 0.94 wt%
oxygen versus K-1 at 0.2 wt%, both exceeding specification. This higher oxygen content in K-
3 correlates with the elevated swelling rate, suggesting that oxygen impurities either degrade
thermal conductivity (increasing local fuel temperatures), modify creep behavior, or alter
grain-boundary and bubble-nucleation characteristics.

A detailed temperature-dependent correlation for swelling rate was developed from BR-10
data across the entire temperature range 993 K to 1953 K

Swelling Rate (per 1 % %FIMA) = 6.95 — 1.1 x 107>T + 5.25 x 10~°7? (3.1)
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where temperature 7' is in Kelvin [47]. This correlation reveals non-monotonic tempera-
ture dependence with a maximum swelling rate near 1000 K, contrary to simple Arrhenius
expectations. At intermediate temperatures (1000-1300 K), fission gas migration is suffi-
ciently thermally-activated to enable rapid grain-boundary coalescence, creating maximum
volumetric growth rate; meanwhile, thermal creep strength remains high enough to provide
mechanical resistance to further expansion. At higher temperatures (>1300 K), thermal
creep strength decreases, allowing stress relaxation and elastic recovery that partially ac-
commodates volumetric expansion, thus reducing net macroscopic swelling despite continued
fission gas generation.

Fission gas release measurements revealed negligible release below 3 %FIMA burnup
in all specimens, consistent with low-temperature gas migration limitations. Driver
subassembly gas release ranged from approximately 1-3% across 3-8 %FIMA burnup.
Experimental assemblies K-1 and K-3, despite identical irradiation temperature and neutron
flux, showed markedly different fission gas release, with K-3 yielding 2-3 times higher
release percentages than K-1 at equivalent burnups [48], again confirming fabrication-process
sensitivity independent of temperature.

BR-10 experienced 26 fuel failures total (2 in Loading IV, 24 in Loading V), primarily
at high burnup (6.3-8.0 %WFIMA) and attributed to fuel-cladding mechanical interaction
(FCMI). All tested fuel rods contained impurities exceeding standard limits, with oxygen
0.2-0.94 wt% (versus specification 0.15 wt%). The elevated impurity levels are noted as
potential contributors to FCMI-driven failures through degradation of thermal conductivity
and creep strength. Cladding analysis showed circumferential cracks and void formation
at fuel-cladding interfaces, demonstrating that fuel qualification must account not only for
swelling and gas release, but also for their mechanical interaction with cladding constraints
48].

3.3.2 SNAP-50: Space Reactor Program

The SNAP-50 program represents one of the first comprehensive UNqualification efforts
for high-temperature space reactor applications. In the 1960s, a tri-agency agreement among
the Atomic Energy Commission (DOE), NASA, and Air Force established objectives to
develop a 300-1000 kW electric space power supply using a lithium-cooled fast reactor.
Initial designs targeted 8 MW thermal, 10,000 operational hours, maintaining volumetric
fuel swelling below 4% and fission gas release below 10%. Initial testing and subsequent
post-irradiation testing revealed that these stringent conditions could not be satisfied at the
proposed operating parameters. High power density conditions (2-3 kW/cm3) and high
temperatures (1600-1900 K) produced swelling and gas release rates incompatible with
design limits, necessitating a major redesign cycle. The final SNAP-50 reference design
reduced thermal power to 2 MW, maximum fuel centerline temperature to 1533 K, maximum
burnup to 1.5 %FIMA, and relaxed limits to permit volumetric swelling and fission gas release
of 8% and 20% respectively.
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Two separate irradiation testing campaigns were conducted: CANEL by Pratt and
Whitney Aircraft [13], and ORNL (Oak Ridge National Laboratory) at the Materials Testing
Reactor (MTR) [46]. CANEL testing (1960-1965) investigated high power density conditions
(1.0-2.0 kW/cm?) at nominal temperatures of 1375 K, 1575 K, and 1775 K. ORNL testing
(1966-1975) focused on low to moderate power density (0.3-1.4 kW /cm?) and temperatures
of 1375-1575 K, with some capsules achieving higher burnups up to 4.6 %FIMA.

At CANEL, initial high power density testing (1.5 kW /cm?® target) revealed severe
swelling limitations that forced immediate redesign. Post-irradiation examination revealed
volumetric swelling of approximately 8-10% at low burnup, confirming that high power
density conditions produce accelerated swelling rates substantially above design projections.
Analysis of the CANEL test series revealed approximately linear swelling accumulation with
burnup, with no break-away swelling observed at low burnup. Comparing CANEL high
power density (1.5-2.0 kW /cm?) and low power density (0.4-0.8 kW /cm?) data at nominally
equivalent temperatures revealed that swelling rate increases with power density by factors
of 20-30% [13]. DeCrescente et al. attributed this to enhanced temperature gradients, faster
thermal migration of fission gases in regions of steep temperature gradient, and reduced creep
strength at the higher average temperatures in high-power-density pins. Data scatter within
each test series reached +30% at constant nominal burnup and temperature, attributed to
variations in neutron flux at different capsule positions, thermal transients, and fabrication
variability.

ORNL testing validated the reduced design specifications under conditions closer to the
final SNAP-50 reference design. Successful testing of 15 UNfuel capsules was completed;
eight achieved the desired 10,000-hour irradiation time, and one extended to 12,000
hours. Burnups achieved ranged from approximately 1.5 to 4.6 %FIMA, with the highest-
burnup capsules operated at reduced power to extend irradiation time. Post-irradiation
examination included gamma scanning to determine burnup uniformity, macroscopic
dimensional measurements, metallographic cross-sections and optical microscopy of grain
structure, and in some cases SEM of fractured fuel surfaces. Diametral changes remained
below the 2% design limit in all but three pins, despite achieving approximately 4 %FIMA
burnup, nearly three times the initial 1.5 %FIMA design specification. This robust
dimensional stability at extended burnup was a major program success and strengthened
confidence in UNfuel for space applications.

Volumetric swelling remained below the 8% design limit in all but one capsule (which
reached 8.7%), occurring in the specimen irradiated at the highest temperature and highest
burnup. Fission gas release analysis showed all fuel pins released less than the 20% design
limit, with maximum release approximately 12% in the highest-burnup, highest-temperature
capsule. Capsule 665, at lower temperature but similar burnup, released approximately
2%, demonstrating strong temperature dependence of fission gas release. Mechanical
fracturing of fuel during capsule puncture released substantial additional gas (up to 40%
of total recovered), demonstrating that interconnected porosity facilitates gas escape beyond
thermally-activated lattice diffusion alone [46].
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3.3.3 NASA Advanced Power Reactor Program

The NASA Advanced Power Reactor (APR) program inherited the SNAP-50 design
objectives in the 1970s-1980s [56]. Testing was conducted at NASA’s Plum Brook Reactor
Facility near Cleveland, Ohio, representing a shift toward more conservative operational
design. UNfuel pins were irradiated at substantially lower power densities (0.4-0.8 kW /cm?)
and moderate temperatures (1185-1300 K cladding, approximately 1219-1350 K bulk
fuel). This lower-temperature regime was motivated by the need for increased operational
margins, reduced swelling to accommodate longer fuel lifetimes, and improved reliability for
demanding space missions.

Five fuel pins were irradiated for approximately 3797 hours (158 days) [49], achieving
burnups of 1.76-1.86 %FIMA. Volumetric swelling ranged from approximately 1.7-2.8%,
corresponding to swelling rates of 0.95-1.5% per 1 %FIMA burnup. These rates are
substantially lower than contemporary CANEL and ORNL results at higher temperatures,
confirming exponential temperature dependence. Maximum diametral changes were 0.5—
1.0%, well below 1-2% design limits and demonstrating excellent dimensional stability at
moderate temperatures.

The most notable finding was that the low-temperature, low-power-density conditions
yielded highly predictable, linear swelling accumulation with minimal data scatter. Standard
deviation of swelling rates across the five pins was approximately 0.15% per %FIMA,
compared to £30% scatter in CANEL high-power-density testing. This dramatic reduction in
scatter reflects the thermal and mechanical stability at lower power density. Reduced thermal
gradients mean fewer localized hot spots, reduced stress means less mechanical feedback, and
reduced temperature means slower gas migration and more gradual, equilibrium-controlled
swelling. Fission gas release remained negligible at these moderate temperatures and
burnups, with no detectable release reported in most pins. The thermal evolution of the
fuel during 158 days of irradiation showed minimal microstructural degradation, with grain
sizes remaining similar to pre-irradiation values and no secondary phases or dissociation
products observed.

3.3.4 Battelle Research Reactor High-Temperature Program

The Battelle Memorial Institute conducted a systematic investigation of UNbehavior
under sustained high-temperature irradiation (1950-2100 K bulk fuel) [51, 52], targeting
development of dimensionally stable fuels for advanced reactor applications. Testing
was performed at Battelle’s research reactor (BRR), equipped with a specialized high-
temperature irradiation capsule capable of sustaining fuel temperatures up to 2250 K. The
test series, designated HT-BRR, involved seven distinct irradiation experiments (HT-BRR-3,
-4, -6, -7, -8, -10, -13) spanning 1968-1972, each investigating specific phenomena related to
temperature, density, fabrication history, cladding mechanical properties, and microstructure
effects.



CHAPTER 3. FUEL PERFORMANCE UNDER NEUTRON IRRADIATION 42

3.3.4.1 Saturation Swelling Discovery

In HT-BRR-3, a single 97% TD UNfuel slug was irradiated at nominal cladding surface
temperature 1950 K (with estimated fuel centerline temperature approximately 2100 K).
Unlike the linear swelling observed in all prior lower-temperature programs, this specimen
exhibited rapid initial volumetric swelling reaching approximately 20-22% at burnup 0.8
NFIMA (swelling rate approximately 25% per %FIMA), after which volumetric increase
essentially ceased despite continued fission gas production and irradiation to higher burnups
(eventually reaching 1.2 %FIMA). Final total volumetric swelling plateaued at approximately
22-24%. Diametral swelling plateaued at approximately 10%, corresponding to roughly 30%
volumetric.

Post-irradiation metallography revealed that approximately 75% of the porosity at satu-
ration was interconnected at the grain-boundary network, directly supporting the mechanis-
tic interpretation that once grain-boundary bubble coalescence creates percolating porosity
networks, newly generated fission gas preferentially escapes through these interconnected
pathways to the fuel surface rather than accumulating further in new bubbles. This discov-
ery of saturation swelling represented a fundamental departure from low-temperature linear
accumulation behavior and established the existence of distinctly different swelling regimes
depending on irradiation temperature and fuel microstructure.

3.3.4.2 Parametric Investigation of Saturation Mechanisms

Recognizing the significance of HT-BRR-3, subsequent tests investigated variables
controlling saturation behavior. HT-BRR-4 tested the effect of a 0.1397 cm central hole in the
fuel to enable mechanical gas release. Specimen without hole exhibited saturation swelling
similar to HT-BRR-3, while the specimen with central hole showed enhanced saturation-
phase swelling but experienced severe cladding bulging and circumferential cracking at high
burnup (>3 %FIMA), with post-examination revealing fuel dissociation and uranium metal
migration, demonstrating that mechanical gas release mechanisms introduce failure pathways
in practice.

HT-BRR-6 investigated cladding mechanical properties by varying cladding thickness and
composition while maintaining identical fuel and nominal irradiation temperature. Stronger
and thicker cladding reduced volumetric swelling compared to nominal-thickness cladding,
with up to 4% of diametral swelling being redirected inward due to cladding mechanical
constraint. However, the absolute swelling reduction was modest (approximately 2-3%
volumetric swelling decrease), and the mechanical properties benefit came at significant
economic and neutron-economy penalty.

HT-BRR-7 studied porosity effects using two 70% TD UNspecimens (versus the standard
97% TD). Remarkably, these low-density specimens exhibited minimal volumetric increase
and no saturation swelling phenomenon up to 0.3 %FIMA burnup, suggesting that
pre-existing interconnected porosity eliminates the pressure-driven bubble formation and
coalescence that drives saturation at high-density fuel. This observation indicated that
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saturation swelling is fundamentally linked to grain-boundary bubble coalescence creating
new porosity pathways (percolation transition), not merely to gas release through existing
voids.

HT-BRR-8 tested fabrication-size effects by irradiating specimens of 85% and 92% TD
fabricated with varying uranium powder mesh sizes at nominal 1950 K. Higher-density fuel
exhibited higher volumetric swelling than lower-density fuel, contrary to the hypothesis that
higher surface area in lower-density fuel would enable more rapid gas release. Post-hoc
analysis suggests that density controls the initial porosity distribution, which modulates the
percolation transition burnup.

HT-BRR-10 systematically investigated grain size effects by irradiating five UNspecimens
with intentionally varied grain sizes (ranging 5-350 pm) at 1900-1950 K, with real-time
gas-pressure monitoring on one specimen to provide in-situ measurements of gas release
kinetics [52]. This experiment was particularly significant because grain size directly controls
grain-boundary surface area. All specimens except the large-grained specimen experienced
cladding failure during irradiation. The large-grained specimen (approximately 350 pm)
retained nearly all fission gases, showing negligible release until 0.8 %FIMA, then gradual
increase to approximately 5-10% at 1.2 %FIMA, and exhibited little fission gas bubble
growth at grain boundaries. Final swelling in this specimen was approximately 8-10%,
substantially lower than the 20-25% saturation swelling observed in fine-grained fuel at
comparable temperature.

The fine-grained specimens exhibited rapid volumetric swelling and cladding failure.
Direct comparison showed that specimens irradiated approximately 100 K higher than
others had substantially larger volumetric swelling (difference of 10-12% volumetric swelling
at 0.6 %FIMA), confirming temperature-accelerated swelling. The vast majority of the
swelling variation, however, was attributable to grain size. Fine-grained fuel swelled to
near-saturation (20%+) while coarse-grained fuel remained at 8-10%, a 2-3x difference at
identical temperature and burnup. This finding has critical implications for mechanistic
modeling and fuel design. Grain size appears to be a primary control variable for swelling
behavior, not a secondary effect.

HT-BRR-13 investigated porosity effects on gas release using 93% TD (nominal cladding)
and 73% TD (gas-monitored) specimens at 1975 K. Gas-pressure monitoring on the high-
porosity 73% TD specimen revealed negligible fission gas release until 0.1 %FIMA, after
which release accelerated rapidly. Cumulative gas release was estimated at 65-70% by 0.5
%FIMA. Comparison to HT-BRR-10 and HT-BRR-7 showed complex competing porosity
effects. Increased porosity decreases the delay before gas release begins, increases gas release
rate post-initiation, and increases total cumulative release. This highlights the importance
of pore morphology (size, spatial distribution, interconnectedness) beyond mere density as
a control variable.
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3.3.4.3 Battelle Synthesis

The Battelle program yielded several critical conclusions. Saturation swelling occurs
only in high-density fuel at elevated temperatures where rapid gas migration to grain
boundaries creates interconnected porosity through a percolation transition. Grain size
strongly influences both swelling rate and cladding failure probability, with coarse-grained
fuel showing superior dimensional stability (2-3x lower swelling) and gas retention compared
to fine-grained fuel at identical temperature and burnup. Cladding mechanical properties
provide modest swelling reduction at significant economic and neutronic penalty, and are not
a primary design lever. Fabrication process and resulting microstructure (grain size, pore
distribution, impurity content) are as important as irradiation conditions in determining
swelling behavior. Pre-existing porosity structure fundamentally alters swelling and gas
release behavior, enabling careful fuel engineering to suppress saturation through controlled
porosity design. These findings established grain-boundary engineering, microstructural
control, and fabrication-process optimization as critical design levers for fuel performance,
complementary to and possibly exceeding temperature and burnup operational constraints.

3.3.5 SP-100 Program

The SP-100 program represented the final major UNirradiation campaign in the historical
database, conducted across multiple fast reactor facilities (EBR-II, FFTF) in the 1980s-1990s
[53] and targeting demonstration of reliable UNperformance for space power applications. A
total of 86 experimental fuel pins were irradiated with nominal cladding peak temperatures
of either 1200 K or 1500 K, corresponding to fuel centerline temperatures of approximately
1700-1950 K depending on power density, thermal gap conductance, and axial position within
the test reactor. Capsule design was refined based on decades of SNAP-50, NASA, and
Battelle experience. However, detailed post-irradiation examination reports have not been
comprehensively released in the open literature, limiting quantitative analysis of swelling
and gas release data compared to earlier programs.

SP-1 consisted of four UNfuel pins at 87% TD clad with PWC-11 cladding and featuring
free-standing chemical vapor-deposited (CVD) tungsten liners. Irradiation for 96 equivalent
full-power days achieved burnups up to 0.83 %FIMA, with two pins continuing to reach
3.9 BWFIMA. Measured volumetric swelling reached approximately 8-10% at 0.83 %FIMA
(swelling rate approximately 10-12% per %FIMA), substantially higher than contemporary
lower-temperature programs but somewhat comparable to high-temperature Battelle HT-
BRR results. This extreme swelling was attributed to the high irradiation temperature
(estimated 1900-1950 K fuel centerline), consistent with the exponential temperature
dependence established by prior programs.

SP-2 tested four UNfuel pins at 87% TD with two variants of cladding materials, two
pins with CVD-tungsten-lined PWC-11 and two with Mo—13Re cladding representing an
alternative high-temperature material. Irradiation for 181 full-power days achieved 1.3
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%FIMA burnup. Limited post-irradiation data were reported. Mo—13Re cladding showed
no apparent mechanical failure or unusual corrosion, suggesting dimensional stability.

SP-3 and subsequent variants progressed to higher fuel density (96% TD), representing
the most challenging fuel density among historical UNprograms. Fight fuel pins were
irradiated for 112 full-power days to 0.8 %FIMA burnup, with six pins plus two from SP-1
continuing irradiation to 3.3 %YFIMA cumulative burnup.

FSP-1 at FFTF represented the largest SP-100 campaign, comprising 38 fuel pins of
varied geometry and density. Irradiation for 269 full-power days achieved burnups up to
2.3 %FIMA at higher enrichment and 0.5 %FIMA at lower enrichment, with accumulated
burnups reaching 5.6 %FIMA (original pins) and 3.1 %FIMA (fresh pins).

Detailed examination of two representative fuel pins (NBU-2, NBU-3 from SP-1) by
Matthews et al. reported irradiation under approximately 1 kW /cc power density to
0.74 %FIMA burnup with peak cladding temperature 1500 K (estimated fuel centerline
approximately 1950 K) [53]. Measured fission gas release was 5.35%, and maximum diametral
swelling was 3.5%, yielding volumetric swelling approximately 8.6% at 0.74 %FIMA
(approximately 11.6% per %FIMA), consistent with other high-temperature programs
at 1900+ K. Higher-density fuel in later series showed reduced dissociation phenomena
compared to lower-density fuel at equivalent temperature, suggesting improved structural
integrity at extended burnup.

3.4 Dominant Trends Across the Historical Database

Examination of the complete historical database across BR-10, SNAP-50, NASA
APR, Battelle, and SP-100 programs reveals several dominant trends that directly inform
mechanistic model development and uncertainty quantification strategy.

3.4.1 Temperature and Power Density Dependence

A significant finding from all historical UNirradiation programs is the exponential (or
approximately power-law) temperature dependence of both swelling and fission gas release.
Volumetric swelling data, when plotted against burnup and color-coded by irradiation
temperature and power density (Figure 3.1), show that at constant burnup, swelling rates
increase by factors of 5-10 across the 1000-2100 K range [57]. Power density is a clear
secondary driver, as higher power density at fixed temperature accelerates swelling by 20—
30%.

At intermediate temperatures (1300-1700 K), typical of the SNAP-50 test conditions,
swelling growth is near-linear with burnup, and the rate of increase tracks the Arrhenius-like
behavior expected from thermally-activated fission gas atom diffusion and bubble nucleation.
At higher temperatures (>1900 K), tested in Battelle and some fast reactor experiments,
the swelling curve plateaus, indicating that rapid grain-boundary bubble coalescence and
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Figure 3.1: Volumetric swelling versus burnup color-coded by irradiation temperature and
power density across all historical UN testing programs.

interconnected porosity formation have enabled quasi-equilibrium between gas production
and release [51].

Fission gas release data across the same temperature range (Figure 3.2) show even greater
temperature sensitivity. Release is negligible (<1%) below 1400 K but rises exponentially
above this threshold, with over 50% observed at the highest experiment temperatures. This
transition marks the regime where grain-boundary diffusion and interconnected pathways
become rapid enough to outpace gas retention and drive bulk release, with far-reaching
implications for operational limits and mechanistic modeling [58].

3.4.2 Program-Specific Trends and Microstructural Effects

Program-segregated data (Figures 3.3 and 3.4) reveal distinct clustering for each testing
series, reflecting their primary differences. SNAP-50 and NASA cluster below 10% swelling
at moderate burnup, consistent with lower temperatures and power densities; Battelle
and SP-100 reach much higher swelling at lower burnup due to operation at significantly
higher temperatures. Such clustering emphasizes that cross-program extrapolation must be
performed cautiously and with mechanistic justification.

Within individual programs, scatter provides insight into controllable variables. The high
scatter in CANEL data (£30%) reflects substantial variations in neutron flux at different
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Figure 3.2: Fission gas release versus burnup color-coded by irradiation temperature and
power density across all historical UN testing programs.

capsule positions, thermal transients during reactor operation, and fabrication variability.
The dramatic reduction in scatter in NASA APR data (£0.15% per %FIMA) reflects the
thermal and mechanical stability at lower power density, demonstrating that operation at
reduced temperatures and power densities achieves not only acceptable fuel performance
within design margins, but also predictable, low-scatter performance desirable for reliability
qualification.

A profound finding emerges from the Battelle and SP-100 data when segregated by grain
size and fabrication method. Fine-grained fuel exhibits 2-3 times higher swelling rates than
coarse-grained fuel at identical temperature and burnup. Oxygen content and fabrication
process show comparable influence, as demonstrated by the 30% swelling difference between
K-1 and K-3 in the BR-10 program at identical temperature. These observations establish
microstructural variables as primary controls on fuel performance, not secondary corrections.
Any empirical or mechanistic model omitting grain size, pore morphology, and impurity
content cannot capture the observed variation across fuel specifications and fabrication
methods.
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Figure 3.3: Volumetric swelling versus burnup for all historical UN irradiation programs,
color-coded by test program. Program-specific clustering reflects irradiation temperature
and power density effects.

3.5 Empirical Correlations, Limitations, and
Mechanistic Necessity

3.5.1 Ross Swelling Correlation

The comprehensive historical database from 1960-2002 provided the foundation for
empirical approaches to predict volumetric swelling in UN fuel as a function of burnup,
temperature, and fuel properties. Ross, El-Genk, and Matthews [57] developed one of the
first systematic empirical correlations for UN fuel swelling, compiled from 75 data points
from SNAP-50 (CANEL and ORNL testing). Their dataset spanned fuel densities of 90—
98% theoretical density, volume-averaged temperatures from 1200 to 1600 K, and burnups
between 0.05 and 4.58 at%. The resulting power-law correlation expresses volumetric swelling
as

AV
— =471 x 10717212 0830 05 (3.2)
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Figure 3.4: Fission gas release versus burnup for all historical UN irradiation programs,
color-coded by test program. Different symbol shapes denote distinct testing programs.

where AV/V represents volumetric swelling (fractional), T,, is the volume-averaged fuel
temperature in Kelvin, B, is the fuel burnup in at%, and p is the as-fabricated fuel density
as a fraction of theoretical density.

This power-law structure encodes three key controlling dependencies identified from the
historical data. Volume-averaged fuel temperature emerges as the dominant control, cap-
turing the transition where at low-to-intermediate temperatures, swelling increases rapidly,
but at high temperatures (>1900 K), saturation effects plateau the growth. The burnup
exponent reflects sublinear accumulation, where swelling increments diminish per unit in-
cremental burnup as saturation mechanisms activate and interconnected porosity pathways
enable gas escape. Fuel density enters through a square-root scaling, reflecting competing
mechanisms where higher density increases fission gas production but simultaneously mod-
ulates initial porosity structure, grain boundary density, and mechanical accommodation
pathways.

The Ross correlation achieved £25% accuracy at moderate-to-high burnups (>1.12
at%), where saturation had stabilized data scatter. At very low burnups (<0.5 at%),
scatter reached +60%, reflecting the erratic early swelling transient. The Ross formulation
represented a major advance, providing the first quantitative framework for predicting UN
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swelling trends from an expanded dataset. However, several limitations were inherent. The
correlation does not explicitly account for microstructural variables such as grain size or
pore morphology, parameters shown by Battelle investigations to vary swelling by 2-3x at
constant temperature and burnup. The fitted domain (1200-1600 K, 0.05-4.6 at%, 90—
98% TD) constrained applicability, and extrapolation beyond these ranges lacks mechanistic
justification. Thermal transients and time-varying histories, common in operational reactors,
were not represented. The assumed separability of parametric effects breaks down when
microstructural evolution couples temperature, burnup, and density dependencies.

3.5.2 Machine Learning Swelling Models

Recent work by Chen et al. [59] examined whether machine learning methods could
improve upon empirical approaches by leveraging more flexible functional forms and explicit
incorporation of microstructural variables. Using kernel ridge regression and symbolic
regression, the analysis tested whether nonparametric algorithms could more effectively
capture complex swelling behavior across the same historical UN database that informed
the Ross correlation. The machine learning framework included a richer set of input features
such as burnup, irradiation temperature, power density, and fuel geometry.

Across the datasets examined, machine learning methods achieved lower root mean square
errors and demonstrated more generalizability compared to the original Ross correlation,
particularly when trained on homogeneous datasets with consistent experimental conditions.
Sensitivity analysis revealed dataset-dependent feature importance, with temperature and
burnup emerging as dominant controls in low-to-moderate temperature regimes, though
the relative importance varied across experimental test series. The machine learning models
captured nonlinear interactions between temperature, burnup, and density that simple power
laws cannot represent.

However, significant limitations persisted that prevent deployment of machine learning
approaches for uncertainty quantification in mechanistic modeling. While machine learning
models improved predictive accuracy within the training data envelope, they remained
purely empirical tools limited in mechanistic insight into the underlying physics of swelling.
Dataset heterogeneity and microstructural variability introduced substantial challenges,
with single trained models showing poor performance when applied to data from different
experimental programs with varying fuel geometries, cladding designs, and irradiation
conditions. Critically, machine learning models cannot reliably extrapolate beyond the
training domain or adapt to novel fuel compositions and microstructures without retraining
on new experimental data. These limitations demonstrate that while machine learning
offers incremental improvements in empirical fitting accuracy, neither machine learning nor
traditional correlations provide a path toward accelerated fuel qualification grounded in
mechanistic understanding and rigorous uncertainty quantification.



CHAPTER 3. FUEL PERFORMANCE UNDER NEUTRON IRRADIATION 51

3.5.3 Impact of Mechanistic Modeling

Comparing Ross and ML approaches highlights both the potential and the ceiling of
purely empirical methods. ML advances accuracy through algorithmic flexibility and explicit
multiparameter inclusion, yet both frameworks share fundamental constraints. Neither can
confidently predict swelling under conditions or fuel specifications substantially removed
from the historical dataset. Operational reactors with transient thermal histories, varying
power profiles, and stress-driven acceleration of swelling mechanisms introduce complexities
absent in controlled laboratory irradiations that generated the training data.

The apparent advantages of empirical and ML methods are speed and low computational
cost, however this comes at the cost of mechanistic versatility and extrapolation capacity.
Bayesian uncertainty quantification frameworks require decomposition of uncertainties
into contributions from measurement error, model uncertainty, and irreducible material
variability.

The transition from empirical correlation or ML curve-fitting to mechanistic modeling is
thus not incremental refinement but a step toward experimental extrapolation and future
design. Mechanistic models, grounded in first-principles defect kinetics, bubble nucleation
thermodynamics, grain-boundary mechanics, and porosity percolation theory, enable explicit
incorporation of micro-structural variables (grain size, pore morphology), independence
from most fitted parameter ranges, and rigorous uncertainty decomposition. Calibrated via
Bayesian inverse analysis against historical data, mechanistic models preserve the empirical
constraints while enabling extrapolation with quantified confidence bands. This capability
underpins the research direction of the present dissertation and the subsequent development
of physics-based fuel performance frameworks.

The historical UN irradiation database establishes four fundamental findings that drive
the mechanistic modeling agenda developed in subsequent chapters. First, temperature is
the dominant control on swelling and gas release, with exponential or power-law behavior
reflecting thermally-activated diffusion. Temperature acceleration factors of 5-10 times
across the 1000-2100 K range demand models capturing the underlying Arrhenius kinetics
precisely. Second, micro-structural variables (grain size, density, pore morphology) produce
swelling variations of 2-3x at constant temperature and burnup, establishing these as
primary design levers rather than second-order corrections. Empirical correlations cannot
capture this without explicit microstructure modeling. Third, saturation swelling phenomena
at high temperature represent a qualitatively distinct regime where rapid bubble coalescence
and porosity percolation enable quasi-equilibrium between gas production and release.
Fourth, fabrication process and irradiation history (time-varying temperature profiles, stress
transients, damage-rate variations) produce substantial performance variation inadequately
represented in static empirical correlations.
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Chapter 4

Mechanistic Fission Gas Release and
Swelling Model for Uranium
Mononitride

4.1 Introduction and Mechanistic Model Motivation

Mechanistic fuel performance modeling represents an advancement over empirical
correlations for predicting FGR and swelling in nuclear fuels. Chapter 3 synthesized six
decades of experimental UN irradiation data (SNAP-50, BR-10, SP-100, and others) and
developed empirical correlations relating operating conditions (temperature, power density,
burnup, fuel density) to performance outcomes, volumetric swelling, gas release. While these
correlations provide useful interpolations within their experimental domains, they suffer from
two fundamental limitations for advanced fuel qualification.

First, the empirical database exhibits order-of-magnitude scatter at constant temperature
and burnup. Second, and more critically for AFQ programs, empirical correlations cannot
reliably extrapolate beyond the experimental domain. New fuel forms, operating regimes,
or geometries differ systematically from those under which empirical fits were primarily
developed.

Mechanistic models overcome these limitations by decomposing fission gas release and
swelling into constituent physical processes: generation of fission gas atoms through
fission events, migration of these atoms through the fuel lattice under thermal and
irradiation-enhanced diffusion, nucleation and growth of bubbles at heterogeneous sites
(grain boundaries, dislocations), resolution of gas atoms by energetic fission fragments, and
interconnection of grain boundary bubbles leading to gas release to the fuel plenum. By
capturing these mechanisms explicitly, mechanistic models become sensitive to variations
in fuel microstructure (grain size, dislocation density, etc.), operating conditions, and fuel
form—dependencies.

Critically, mechanistic models enable rigorous sensitivity analysis and uncertainty quan-
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tification. By making model structure and parameter dependence explicit, mechanistic
frameworks allow identification of which parameters most strongly influence predictions,
quantification of how parameter uncertainties propagate to output uncertainties, and cali-
bration of uncertain parameters using Bayesian inverse analysis with historical data. This
probabilistic framework provides quantified confidence bands on predictions, a requirement
for regulatory decision-making and confidence in extrapolation to novel conditions. Initial
validation against experimental data typically reveals parameter sensitivities and may ne-
cessitate parameter refinement or temperature-dependent parameterization to achieve quan-
titative agreement across diverse operating conditions—a process that leverages mechanistic
transparency to systematically identify and address model limitations.

This chapter presents a comprehensive mechanistic model for fission gas release and
swelling in UN fuel, implemented within the BISON multiphysics fuel performance code
through the Simple Integrated Fission Gas Release and Swelling (SIFGRS) model framework
developed by Rizk et al. [60]. The model integrates lower-length-scale (LLS) calculations,
primarily DFT, MD, and cluster dynamics (CD) simulations, to inform critical mechanistic
parameters such as gas and self-defect diffusivities, bubble surface and grain boundary
energies, and resolution rates by fission fragments. The model is validated against
historical UN irradiation data, with emphasis on SNAP-50 test cases that provide the most
comprehensive microscopic and integral fuel pin performance data available for UN.

4.2 Mechanistic Model Framework: SIFGRS
Overview and Bubble Population Tracking

4.2.1 Fuel Performance Code

BISON [3] is a finite element based nuclear fuel performance code developed at Idaho
National Laboratory (INL) as part of the Nuclear Energy Advanced Modeling and Simulation
(NEAMS) [61] program. The code solves fully coupled nonlinear partial differential
equations governing thermo-mechanics and species diffusion across one-, two-, and three-
dimensional geometries, enabling multiphysics simulations of nuclear fuel behavior under
irradiation. BISON is built on the Multiphysics Object-Oriented Simulation Environment
(MOOSE) [62] computational framework and incorporates material and behavioral models
for thermal properties, creep, swelling, porosity, and mechanical interaction for a variety
of fuel forms. The code is designed with flexibility to accept LLS-informed models from
atomistic calculations, operate across multiple length scales and dimensions. BISON was
chosen as the primary fuel performance code due to increased regulatory use and aligned
directly with the AFQ framework.
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4.2.2 Conceptual Framework

The SIFGRS model explicitly tracks fission gas segregation into spatially distinct bubble
populations reflecting their distinct nucleation sites and growth kinetics. Intragranular
bubbles (in the lattice) experience preferential trapping at dislocations and point defects,
while grain boundary bubbles benefit from enhanced diffusion and serve as the primary
release pathway to the plenum. This population-based approach captures the selective
migration pathways and phase transitions that govern fuel performance.

The SIFGRS model for UN distinguishes four primary bubble populations [60]:

1. Bulk bubbles: Intragranular bubbles nucleating homogeneously in undisturbed fuel
lattice at zero-energy sites (perfect lattice). These bubbles typically form at low
temperatures where thermally-enhanced diffusion is minimal and bubbles remain small
(radii <30 nm). Their contribution to volumetric swelling is secondary at elevated
temperatures but can become significant at low-to-moderate temperature regimes
where dislocation saturation limits dislocation bubble growth.

2. Dislocation bubbles: Intragranular bubbles nucleating and growing preferentially on
the dislocation network. Dislocations provide energetically favorable nucleation sites
(lower barrier for cluster formation) and enhanced diffusion pathways along dislocation
cores. Dislocation bubbles dominate the swelling contribution at elevated temperatures
(T > 1300 K) where they grow to large radii (50-200 nm) and constitute the majority
of retained gas volume.

3. Grain boundary bubbles: Bubbles accumulating at grain boundaries as gas atoms
migrate via temperature gradients and concentration-driven diffusion. These bubbles
grow preferentially along grain boundaries due to lower surface energy at the grain
boundary-bubble interface compared to bubble-lattice interfaces. Crucially, grain
boundary bubbles represent the transition state between gas retention and release.
As grain boundary bubbles coalesce and grow, they interconnect to form continuous
porosity pathways that become permeable to gas flow to the fuel surface.

4. Released gas: Once grain boundary bubble networks interconnect, generated fission
gas escapes to the fuel plenum and is no longer retained as bubbles within the fuel
matrix.

For each bubble population, the model tracks three key state variables: bubble number
density n; (m~3), mean bubble radius 7; (m), and total gas atoms N; (primarily #3Xe and
85Kr, treated as a single effective species). Global conservation of gas atoms is enforced such
that the sum of retained gas in all populations plus released gas equals the total generated
fission gas.
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4.2.3 Evolution Equations and Rate Processes

Each bubble population evolves according to coupled differential equations balancing
multiple rate processes:

dni
dt

where N is the nucleation rate (new bubbles forming per unit volume per unit time),
R,es; is the resolution rate (bubbles destroyed by fission fragment collisions), and 7coar; is
the coalescence rate (bubble merging and sintering).

The mean radius of bubbles in population i evolves via vacancy absorption or gas atom
release:

= hnuc,i - Rres,i - hcoal,i (41)

d?”i
E = Vatom (Jgas,i - Jvacj - Jres,i) (42)

where vatom 18 the atomic volume of the fuel, Jg,s; is the flux of gas atoms arriving at bubbles
(from diffusion), Jy,c; is the flux of vacancies being absorbed by bubbles (contributing lattice
expansion to accommodate pressurized gas), and Jyes; is the flux of gas atoms being knocked
out by resolution. The detailed rate processes (nucleation 7y ;, resolution Ry, coalescence
Neoali) are developed in Sections 4.4 and 4.5. The full BISON implementation (detailed in
Appendix A of Rizk et al. [60]) couples these equations with spatial diffusion via an effective
diffusivity concept. The balance between these competing fluxes determines whether bubbles
grow, shrink, or remain at quasi-steady-state pressure.

4.3 Fission Gas Diffusion: Three Mechanistic
Regimes

Fission gas atom migration through UN is governed by fundamentally different physical
mechanisms depending on temperature and irradiation dose rate. Rather than assuming a
single temperature-dependent diffusivity, the SIFGRS model explicitly decomposes the total
effective diffusivity into three additive components, each dominating in different physical
regimes. This decomposition is essential for capturing the transition in diffusion mechanism
that underlies breakaway swelling phenomena observed in UN at high temperatures.

4.3.1 Thermal Equilibrium Diffusivity: D,

At low fission rates and sufficiently high temperatures, fission gas atom migration
is controlled by thermally-activated diffusion through the perfect lattice, limited by the
activation energy barrier for forming and migrating point defects (typically vacancies). This
thermal component is given by a standard Arrhenius form:
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E
D1 == DO,l exXp (— k;;) (43)

where Dy is the kinetic coefficient, E 4 ; is the activation energy barrier, kp is Boltzmann’s
constant, and 7T is absolute temperature. For xenon diffusion in UN, lower-length-
scale calculations using DFT combined with empirical potential simulations have provided
estimates of these parameters. Cooper et al. [36] calculated Xe migration barriers in UN by
mapping the minimum-energy pathway for Xe displacement through the lattice, accounting
for both uranium and nitrogen sublattices and the crystal symmetry.

The physical interpretation of D; dominance is straightforward. At temperatures below
approximately 1000 K, thermal energy is insufficient to populate the activated states required
for diffusion, so lattice diffusion rates remain negligible and gas atoms remain spatially
localized. As temperature increases, D; increases exponentially. However, at the same
time, the irradiation environment introduces additional diffusion mechanisms that become
progressively more important.

4.3.2 Irradiation-Enhanced Diffusivity: D,

Even at moderate temperatures where thermal diffusivity is low, neutron irradiation
continuously generates point defects (vacancies and interstitials) through displacement
cascades. These excess point defects create additional diffusion pathways. Gas atoms can
migrate by exchanging with vacancies that are in excess concentration due to irradiation,
and interstitial clusters can propagate through the lattice. The enhanced diffusivity from
this excess defect concentration is captured in the Dy component.

Unlike Dy, which is independent of irradiation conditions, D; depends explicitly on
the fission rate density (or equivalently, dose rate) through its dependence on the steady-
state excess defect concentration. At steady state, the rate of defect production by
collision cascades is balanced by the rate of defect recombination and annihilation at
sinks (dislocations, grain boundaries, free surfaces). This balance yields a point defect

concentration that scales as \/}, where f is the fission rate density. Consequently, the
irradiation-enhanced diffusivity takes the form:

Dy = DO,Q\/} exp (23: ¢ (@)) (4.4)

i=0
where the coefficients ¢; represent polynomial coefficients from fitting cluster dynamics
calculations of excess point defect concentrations as a function of temperature. The choice
of polynomial form in inverse temperature reflects the complex temperature dependence of
defect production and recombination rates in cluster dynamics models. For UN, Cooper
et al. [36] performed cluster dynamics simulations to generate the temperature-dependent
coefficients. For xenon specifically, cluster dynamics calculations indicate that Dy remains
negligible compared to D; + Ds across all relevant irradiation conditions [36]; the form
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in Equation 4.4 is retained for completeness and represents defect-enhanced mobility for
vacancy diffusion.

The key distinction between D, and D is their dependence on irradiation conditions: D
is a material property independent of neutron flux, while D, is directly proportional to fission
rate and therefore higher in high-power-density fuel or in fast neutron spectra with higher
fission rates. This means that identical fuel at identical temperature but different power
densities exhibits markedly different fission gas release rates due to diffusion enhancement.
Empirical correlations that do not explicitly account for power density sensitivity miss this
important mechanism.

4.3.3 Irradiation-Induced Athermal Diffusivity: Dj

The third diffusivity component arises from direct ballistic mixing within collision cascade
volumes. Unlike Dy, which assumes steady-state defect concentrations, D3 captures direct
ballistic displacement of gas atoms and lattice atoms during the collision cascade process
itself. This mechanism occurs even at very low temperatures where thermal activation is
negligible—hence the term “athermal.” The athermal diffusivity scales linearly with fission
rate density:

D3 == D073']é (45)

where Dy 3 is a coefficient characterizing the cross-section for ballistic displacement per
fission event. This linear dependence reflects the fact that higher fission rates produce more
cascades, and in each cascade there is a fixed probability of ballistic mixing.

The physical significance of Dj is profound. It explains why fission gas release can occur
at low temperatures below 1000 K) where thermal diffusion is negligible and irradiation-
enhanced diffusion is still modest. At low temperatures, D3 dominates the total diffusivity,
enabling gas atom displacement and bubble nucleation even under conditions where a purely
thermal model would predict near-zero gas mobility. This athermal mechanism is responsible
for the low-temperature gas release plateau observed in historical UN data (Chapter 3).

4.3.4 Total Diffusivity and Transition Regimes

The total fission gas diffusivity is the sum of the three mechanistic components:

Diotal = Dy + Dy + D3 (4.6)

The relative dominance of each component depends on temperature, fission rate, and
burnup. At low temperatures (7' < 1000 K) and moderate fission rates typical of earlier-
generation reactors, D3 dominates, yielding relatively constant (approximately linear) fission
gas release independent of further temperature decreases. At intermediate temperatures
(1000-1300 K), all three components contribute, and the behavior transitions. At high
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temperatures (7' > 1400 K), D; becomes the dominant mechanism, exhibiting strong
Arrhenius temperature dependence.

This compositional transition in diffusivity mechanisms underlies the non-monotonic
swelling behavior observed in UN. At temperatures just below 1000 K, swelling accelerates
due to enhanced diffusivity from Dy and D3, enabling rapid bubble nucleation and growth.
As temperature increases toward 1500 K, D; begins to dominate, and the effective activation
energy barrier increases (since D; has a higher F4 than the combined effect of Dy and
Dj3). Simultaneously, thermal creep strength decreases, allowing plastic relaxation of stresses
generated by bubble swelling. These competing effects create the maximum in swelling rate
near 1000-1300 K observed in BR-10 data, which simple thermal-diffusion models fail to
reproduce.

For grain boundary diffusion, the model assumes an enhancement factor fp gg multiply-
ing the bulk thermal diffusivity, reflecting pipe diffusion along grain boundary dislocation
cores. Typical values from the literature suggest fpap ~ 10° (grain boundary diffusion 1
million times faster than bulk), though significant uncertainty remains. This parameter is
treated as uncertain and included in the sensitivity analysis (Chapter 6).

4.4 Bubble Nucleation and Growth Kinetics

4.4.1 Homogeneous Nucleation: Bulk Bubbles

At the earliest stages of irradiation, before significant nucleation of dislocation or grain
boundary bubbles occurs, fission gas atoms must overcome an energy barrier to nucleate a
stable bubble cluster. Homogeneous nucleation in the perfect lattice occurs when individual
gas atoms, diffusing randomly through the fuel, encounter each other and form small clusters.
The probability of cluster formation depends on the gas atom concentration and the critical
cluster size needed to achieve thermodynamic stability.

The nucleation barrier arises from competition between two energetic contributions:
surface energy (which increases as cluster size increases, penalizing small clusters) and bulk
gas pressure (which decreases with cluster size, favoring larger clusters). For a spherical
bubble of radius r,, the work required to form a stable nucleus is given by the classical
nucleation theory formula:

4
Wnuc = 57”"2 (peq - pext) + 471—7’{%7 (47>

where peq = i—;’ is the equilibrium pressure inside the bubble (Young-Laplace equation), pext

is the external hydrostatic stress, and v is the bubble-matrix surface energy. The first term
represents the bulk energy gain (pressure difference times volume) and the second represents
the surface energy cost. The critical radius r, at which the nucleation barrier reaches its

maximum is found by setting d‘;v—;‘b“c = 0, yielding:
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o= —21 (48)

peq — Pext
Only clusters exceeding this critical size grow spontaneously while smaller clusters
redissolve. The nucleation rate (number of stable clusters forming per unit volume per
unit time) depends on the gas atom concentration and the probability that multiple atoms
aggregate to exceed the critical size. Following standard nucleation theory, the homogeneous

nucleation rate for bulk bubbles is approximated as:

7‘7/nuc,1 = V1012 (49)

where v is an effective nucleation rate constant parameterizing the probability of dimer
formation (first stable cluster), and C] is the single gas atom concentration. The nucleation
rate constant vy implicitly captures the density of nucleation sites and the collision frequency
of gas atoms in the lattice. The quadratic dependence on C reflects the probability that
two gas atoms encounter each other.

4.4.2 Heterogeneous Nucleation: Dislocation Bubbles

Dislocations and other extended defects provide energetically favorable nucleation sites by
reducing the surface energy barrier. Bubbles at dislocation cores experience partial interface
with both the lattice and the dislocation, reducing the effective surface energy and thus the
nucleation barrier. As a result, dislocation bubbles nucleate at lower gas atom concentrations
than bulk bubbles and begin growing earlier in irradiation.

The number density of dislocation bubbles is assumed to be proportional to the
dislocation line density:

N2 = QpPdisl (4.10)

where «, is the bubble-to-line density ratio (bubbles per meter of dislocation line), and
paist 1s the total dislocation density (in m_Q). The coefficient a, captures the saturation
of nucleation sites along dislocations—dislocations can accommodate only so many bubbles
per unit length before geometric packing limits are reached. Literature values and LLS
predictions suggest «, ~ 10° — 10% bubbles/meter, representing the saturation of nucleation
sites along dislocation lines in Chapter 6).

The dislocation density itself evolves under irradiation according to balance between
irradiation-induced hardening (creating new dislocation loops) and dynamic recovery
(dislocation annihilation). The evolution model for dislocation density is:

dpaiss . .
= rod — Precom 4.11
S = Porod — Precomd (4.11)

where the production rate pproq typically follows pproa o< \/} (from collision cascade den-
sity scaling), and the recombination rate precomp X pais (representing mutual annihilation of
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complementary dislocation types). At early burnup, pproq dominates and dislocation density
increases. At high burnup, a quasi-steady-state is reached where production and recombina-
tion balance, yielding a saturation dislocation density. In SIFGRS implementations for UN,
dislocation density is typically held constant during transient simulations based on post-
irradiation ransmission electron microscopy (TEM) measurements, rather than dynamically
evolved. This simplification is discussed in Section 4.8.

4.4.3 Bubble Coalescence and Mean Size Evolution

As bubbles grow, their number density may decrease through coalescence—the physical
merging of adjacent bubbles. In the mean-field approximation used by SIFGRS, coalescence
is modeled by coupling the evolution of number density to the evolution of mean radius. As
the mean radius increases, the surface area density available for gas atoms decreases (fewer,
larger bubbles occupy the same volume), and the number density correspondingly decreases.
This is captured through a coalescence rate:

dni d?“i
= —Ocoali—
dt Tat

coal

(4.12)

where a1 is a dimensionless coalescence coefficient of order 1 representing the rate at which
number density decreases as mean radius increases. This phenomenological form assumes
coalescence rate is proportional to both bubble number density and growth rate, capturing
both Ostwald ripening of small bubbles and direct mechanical coalescence as bubbles grow
closer together.

For dislocation bubbles specifically, hard-sphere packing geometry [63] suggests a
coalescence coefficient of approximately aeoa ~ 4.2\/§7rr§q, derived from geometric packing
arguments. For bulk bubbles, coalescence is often assumed to be less efficient (smaller cveoqr),
reflecting the more dispersed spatial arrangement and lower collision rates compared to

bubbles confined to dislocation networks.

4.5 Resolution of Fission Gas from Bubbles

Resolution is the process by which energetic fission fragments knock gas atoms out of
bubbles back into the surrounding lattice, thereby reducing the number of retained gas atoms.
This process is particularly important at low temperatures where thermal remigration of
knocked-out atoms to other bubbles is unlikely, and at high burnups where accumulated
bubbles experience frequent fission fragment collisions.

For non-oxide fuels such as UN with high thermal conductivity, fission fragment energy
is dissipated primarily through electronic stopping (ionization) rather than nuclear stopping
(atomic collisions). The relatively thin region in which atomic collision cascades occur means
that only bubbles in close proximity to the fission track experience significant resolution.
This limit is captured by the homogeneous resolution model. Resolution occurs when fission
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fragments pass through or near a bubble and transfer momentum directly to trapped gas
atoms.
The total resolution rate from bubble population ¢ is given by:

Rres,z’ - aO(Tb)Ninbf (413)

where ag(rp,) is the resolution parameter in units of [10~*m?®/fission|, N; is the number of
gas atoms per bubble, n, is the bubble number density, and f is the fission rate density.
The resolution parameter is a decreasing function of bubble radius, reflecting the physical
fact that small bubbles are more easily emptied (fewer atoms need to be displaced) while
large bubbles are relatively resistant to resolution (more atoms distributed over a larger
cross-section).

Matthews et al. [64] calculated the resolution parameter for UN using binary collision
approximation (BCA) simulations with the 3DOT code, accounting for fission fragment
energy distributions from ENDF libraries and the uranium and nitrogen nuclear cross-
sections. The radius dependence was fit to the functional form:

ap(ry) = 107% (2.64 — 2.02exp (—2.61 x 107%r,))  [m®/fission] (4.14)

where 7, is the bubble radius in meters. At small radii, the exponent is small, so exp(—small)
remains close to 1, yielding oy &~ 0.62 x 1072° m5/fission. At large radii, the exponent
becomes more negative, so exp(—large) approaches 0, yielding ag &~ 2.64 x 1072® m® /fission,
approximately a 4-fold increase. This radius dependence is critical for capturing the
quasi-steady-state pressure of intragranular bubbles at low temperatures, where resolution
maintains bubbles near equilibrium rather than allowing unlimited pressurization.

The resolution coefficient «,e and efficiency factors represent significant uncertainties
in the model. Experimental measurements of resolution rates are sparse and indirect,
typically inferred from post-irradiation examination of bubble populations rather than
measured directly. Furthermore, resolution efficiency likely varies with bubble size, pressure,
and local radiation damage state—dependencies not captured in the current constant-
efficiency parameterization. Subsequent validation and parametric investigation will assess
the sensitivity of fission gas release predictions to these resolution parameters and identify
whether refinement is warranted for specific temperature or burnup regimes.

4.6 Grain Boundary Bubble Evolution and
Interconnection-Driven Release

4.6.1 Migration Toward and Accumulation at Grain Boundaries

Fission gas atoms diffusing through the fuel eventually reach grain boundaries, particu-
larly under temperature gradients that create concentration-driven diffusion (grain-directed
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diffusion). The diffusion flux toward grain boundaries is driven by gradients in gas con-
centration and stress fields around bubbles, as well as by temperature gradients. Once gas
atoms reach the grain boundary, the energy landscape changes. The grain boundary-bubble
interface has lower energy than the bulk-bubble interface, making grain boundaries thermo-
dynamically favorable sites for bubble nucleation and accumulation.

The flux of gas atoms arriving at grain boundaries depends on the bulk gas atom
concentration and the diffusivity. In SIFGRS, this flux is approximated as:

Jap = Det Vi (4.15)

where D.g is an effective diffusivity incorporating both bulk diffusion toward the grain
boundary and pipe diffusion along the boundary, and V| is the concentration gradient of
single gas atoms where D.g incorporates pipe diffusion enhancement (fp g ~ 10°, discussed
in Section 4.3.4). The grain boundary bubble number density increases as gas atoms arrive
and coalesce:

dns

dt
where Agp is the grain boundary area per unit fuel volume and nges is the available
nucleation site density on grain boundaries.

- JGBAGanites (416>

4.6.2 Saturation, Interconnection, and Gas Release

As grain boundary bubbles grow and coalesce through continued gas atom arrival, they
eventually occupy a significant fraction of the grain boundary area. At low coverages (fraction
of grain boundary area covered by bubbles less than saturation threshold fs,), bubbles
remain isolated and gas is retained. However, once the fractional coverage exceeds fqat,
neighboring bubbles begin to coalesce directly into a continuous interconnected pathway
along the grain boundary.

The percolation transition from isolated to interconnected geometry is a geometric phase
transition. Below the saturation threshold, bubbles are separated by fuel bridges. Above it,
the pathway becomes continuous. Experimentally, saturation coverage varies depending on
bubble morphology, grain boundary misorientation, and boundary impurities, but typical
values from oxide fuel literature suggest fs. ~ 0.5-0.6 [65]. The SIFGRS model uses fsat
as an adjustable parameter, currently set nominally to 0.5 but retained as an uncertain
parameter in sensitivity analysis (Chapter 6) to account for material system variability.

The saturation coverage threshold represents a geometric percolation parameter with
inherent uncertainty. The value 6, = 0.5 derives from percolation theory for randomly
distributed circles on a plane, but actual grain boundary bubble distributions exhibit
spatial correlation, size distributions, and grain boundary groove geometries that may
lower the effective saturation threshold. Values ranging from 0.25 to 0.5 are physically
plausible depending on bubble morphology and grain boundary character. Sensitivity to
this parameter will be assessed in subsequent parametric studies.
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Once interconnection occurs, the continuous grain boundary porosity network becomes
permeable to gas flow. Any fission gas generated in the fuel near an interconnected boundary
is essentially released immediately, while gas generated far from an interconnected boundary
must still migrate to reach the pathway. This creates a transition from the regime where gas
is retained (pre-interconnection) to the regime where a substantial fraction of generated gas is
released (post-interconnection). In BISON simulations, once interconnection is triggered, the
grain boundary bubble population is assumed to instantly release all subsequent generated
gas at the rate of fission, leading to rapid increase in cumulative FGR.

The physical mechanism driving this transition is mechanical. As grain boundary
bubble coverage increases, the fuel bridges between bubbles become narrower and weaker.
Eventually, the internal pressure in the bubbles exceeds the tensile strength of the remaining
fuel bridges, leading to mechanical failure of the bridge and bubble coalescence. This is a
stress-driven process that depends on both the bubble pressure and the mechanical properties
of the fuel.

4.7 Model Parameters and Uncertainty Sources

The mechanistic model depends on 22 uncertain parameters spanning multiple physical
processes in Chapter 6, of which global sensitivity analysis identifies 16 as most influential).
Rather than relying entirely on fitting these parameters to historical data, the SIFGRS
framework prioritizes physics-based estimation from lower-length-scale (LLS) calculations
where possible, reserving empirical fitting for phenomenological quantities that cannot be
calculated from first principles.

4.7.1 Lower-Length-Scale Calculations

LLS calculations—DFT, MD, and CD—provide quantitative parameter estimates with
systematic uncertainties from methodological choices.

Cooper et al. [36] calculated Xe diffusion coefficients in UN using DFT nudged elastic
band (NEB) techniques to map migration barriers, followed by empirical potential (EP)
calculations for wider temperature sampling. Cluster dynamics simulations integrated these
inputs to model steady-state point defect concentrations under irradiation, yielding the
polynomial coefficients for D, in Equation 4.4. Systematic uncertainties of 10-100% arise
from exchange-correlation functional choices, empirical potential limitations, and finite-size
effects.

Kocevski et al. [66] performed MD calculations of UN surface and grain boundary
energies by creating supercells with free surfaces or grain boundaries, performing MD at
1000 K for relaxation, and computing interface energies as excess energy per unit area. Five
representative grain boundaries yielded an average grain boundary energy of 1.139 J/m?
(bulk-vacuum surface energy: 1.11 J/m?), with uncertainties of £10-15% from empirical
potential variations.
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Matthews et al. [64] and Schneider et al. [67] calculated resolution parameters using
binary collision approximation (BCA) and MD damage cascade simulations, tracking
fission fragment trajectories and gas atom displacements. The radius-dependent resolution
parameter in Equation 4.14 carries uncertainties of +30-50% from fission fragment energy
distributions (ENDF nuclear data) and cascade modeling approximations.

4.7.2 Empirical Parameters

Parameters not computable from first principles are measured experimentally or inferred
from historical data:

e Dislocation density (pgis1): TEM measurements from BR-10, SNAP-50, and SP-
100 (documented in Chapter 3) show 2-3 orders of magnitude scatter (10'2-10'* m~2)
depending on temperature and dose. SIFGRS employs constant dislocation density as
input rather than tracking time evolution.

e Grain size (r,): Fabrication-controlled grain radii range from 5-35 ym in SNAP-50
samples. BISON simulations hold grain radius constant (neglecting grain growth) as
a fixed input parameter.

e Saturation coverage (f:): The percolation threshold for grain boundary bubble
interconnection depends on bubble morphology, packing geometry, and fuel bridge
failure. Oxide fuel literature suggests 0.5-0.6; UN validation is absent. Sensitivity
analysis spans 0.2-0.7 to reflect epistemic uncertainty.

e Nucleation factors (v, etc.): Homogeneous nucleation probability factors are fitted
phenomenologically from classical nucleation theory or experimental matching, lacking
direct measurement. Treated as high-uncertainty scaling factors.

e Bubble-to-dislocation-line ratio (a,): Controls bubble nucleation density per unit
dislocation length. Literature values: 105-10° bubbles/meter; direct measurement
challenging.

e Solid fission product swelling: Treated phenomenologically at fixed 0.5% per
%FIMA, not mechanistically derived.

4.7.3 Primary Uncertainty Sources

Model uncertainties arise from four distinct sources:

(1) LLS Calculation Uncertainties: DFT functional selection, empirical potential
transferability to high-temperature defect-rich systems, finite-size effects in supercells,
and temperature extrapolation beyond calculated ranges introduce 10-100% variations in
diffusion coefficients and 5-20% variations in surface energies [36].
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(2) Experimental Data Scatter: Measurement technique variations (gas puncture,
radiometric counting, mass spectrometry for FGR; density measurements or dilatometry
for swelling) introduce £1-3% measurement error. Fabrication variability—oxygen/carbon
impurities, grain size, density—drives 30% swelling differences (BR-10 K-1 vs. K-3,
Chapter 3) not mechanistically parameterized. Limited temperature (1300-1700 K) and
burnup (<3 %FIMA) coverage to pressure-bonded fuel geometries and specific cladding
alloys restricts extrapolation confidence for micro-reactor designs.

(3) Phenomenological Parameterizations: Four-population discretization (bulk,
dislocation, grain boundary, released) uses mean-field approximations that miss rare large
bubbles or percolating networks. Coalescence rate proportionality e, from geometric
packing may not capture merging kinetics at high bubble densities. Fixed saturation
coverage fs.¢ simplifies stress-dependent interconnection physics. Prescribed dislocation
density neglects time/burnup evolution of hardening and recovery.

(4) Model Scope Limitations: Chemistry effects—nitrogen partial pressure depen-
dence and stoichiometry and oxygen impurity effects (30% swelling sensitivity) are not mech-
anistically represented. Quasi-static evolution assumptions neglect power transients and
thermal cycling. Anisotropic swelling and grain boundary strength degradation are simpli-
fied. These four uncertainty source categories are the primary drivers of parameter ranges
in the sensitivity analysis (Chapter 6).

4.8 Model Limitations and Validity Domain

The SIFGRS mechanistic model, while comprehensive, incorporates several important
limitations and simplifications that define its range of applicability:

1. Stoichiometry and oxygen impurities: The model assumes constant N/U
stoichiometry and does not account for oxygen impurities or N-rich or U-rich off-
stoichiometry. Chapter 3 documented that oxygen content affects swelling by up to 30%
(K-1 vs. K-3 comparison), yet the current mechanistic model does not parameterize
this effect. Nitrogen partial pressure dependence is similarly not mechanistically
represented. Future refinements should include stoichiometry dependence of diffusivity
and surface energy, requiring additional LLS calculations.

2. Anisotropic swelling: The model predicts spherically-averaged volumetric swelling.
In practice, swelling often exhibits anisotropy (preferential expansion in certain
crystallographic directions), particularly when grain boundaries are not randomly
oriented. The polycrystal model in BISON averages over all grain orientations, but
local anisotropy is not captured. This simplification has minimal impact on integral
fuel pin performance but affects prediction of fuel relocation and gap dynamics in
multi-pellet fuel column.
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3. Grain boundary strength and mechanical failure: The grain boundary satura-
tion model treats the percolation threshold as fixed. In reality, mechanical failure of
fuel bridges depends on local stress state (which depends on thermal gradients, fission
gas pressure, and cladding constraint) and on grain boundary strength (which degrades
under irradiation). A more refined model would explicitly compute stress state and
failure criterion, currently neglected.

4. Fission fragment spectrum: The resolution parameter (Equation 4.14) is calculated
assuming uranium-235 fission spectrum. For fuel undergoing fast fission (fuel in fast
reactor neutron spectrum) or breeding scenarios, the fission fragment spectrum differs,
potentially affecting resolution rates. This effect is not captured in the current model.

5. Gas solubility and trapping at point defects: The model assumes negligible gas
solubility in the fuel lattice at the temperatures of interest. In reality, xenon and
krypton have small but finite solubility (on the order of 0.01 at. % or less at 1500 K
based on thermodynamic estimates), and they can occupy substitutional or interstitial
sites temporarily. Additionally, gas atoms can be transiently trapped at point defect
complexes (divacancies, trivacancies) before escaping. These transient trapping effects
are not mechanistically represented and would require multi-state cluster dynamics for
accurate treatment. Trapping rate parameters represent substantial uncertainties, as
they depend on bubble nucleation kinetics, point defect concentrations, and irradiation-
enhanced diffusion—all of which exhibit order-of-magnitude variations depending on
stoichiometry, grain size, and radiation damage state. The baseline trapping rates
employed here are adapted from UQ, literature values and may require temperature-
dependent or burnup-dependent adjustment to match UN experimental observations.
Parametric investigation of trapping rate sensitivity will be presented in Chapter 5.

6. Low-burnup kinetics: At very low burnup (<0.1 %FIMA), the mechanistic model
may overpredict gas retention due to assumption of quasi-steady-state dislocation
density. Early in irradiation, dislocation density is still evolving (building up from
initially annealed state), and bubble nucleation kinetics depend sensitively on this
evolving density. The model assumes equilibrium dislocation density is reached quickly,
but in reality there may be an induction period where gas release is suppressed due to
incomplete dislocation network formation.

7. Fabrication porosity and pore migration: Initial porosity from fuel fabrication
(sintering pores) can serve as pre-existing gas collection sites and potentially migrate
under thermal gradients or stress. The current model does not account for fabrication
porosity evolution or its interaction with fission gas. This effect becomes important at
high temperatures where thermal gradients are steep.

8. Dislocation loop punching: At high bubble pressures, grain boundary bubbles
under certain stress states can nucleate dislocation loops, a mechanism not explicitly
captured in the current model. This could affect local stress relief and migration rates.
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9. Fission-induced recoil and stoichiometric mixing: During fission, recoil atoms
can cause local disruption of stoichiometry, creating transient N/U imbalances. These
recoil-induced point defects contribute to point defect concentrations (feeding into D)
but are treated implicitly through cluster dynamics averaging rather than explicitly.
This is acceptable as a mean-field approximation but misses potential non-linear effects
if recoil-induced defect spikes reach high local densities.

These limitations do not invalidate the mechanistic model for its intended pur-
pose—predicting FGR and swelling under representative micro-reactor conditions—but they
do define boundaries beyond which model predictions should be interpreted with caution.
Section 4.9 and subsequent validation chapters will quantify the magnitude of agreement be-
tween model predictions and experimental data, thereby empirically constraining the impact
of these limitations.

4.9 Transition to Model Validation Against
Experimental Data

The mechanistic framework developed thus far provides a rigorous physics-based structure
for understanding fission gas release and swelling. However, mechanistic rigor alone does
not guarantee predictive accuracy. Validation against experimental data is essential to
demonstrate that:

1. The mechanistic processes identified (diffusion mechanisms, bubble nucleation, grain
boundary saturation) are indeed the dominant physics governing observed fuel
behavior;

2. The lower-length-scale calculation inputs (diffusion coefficients, surface energies,
resolution rates) provide appropriate nominal values when integrated into the fuel-
scale model;

3. The phenomenological parameters (nucleation factors, saturation coverage, coalescence
rates) selected are physically reasonable and consistent with experimental observations;

4. Discrepancies between initial predictions and observations—which are expected given
the substantial parameter uncertainties can be systematically diagnosed through
gas partitioning analysis and parametric investigation to identify which mechanisms
limit predictive capability and which parameters require refinement or temperature-
dependent formulation.

Initial validation typically reveals parameter sensitivities that necessitate systematic
parametric investigation. Chapter 5 presents baseline validation against SNAP-50 data,
identifying where and why discrepancies arise. Chapter 5 then documents a comprehensive
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parametric investigation exploring parameter adjustments designed to overcome identified
limitations while maintaining physical grounding. This progression—from baseline validation
through diagnostic analysis to parameter optimization—represents standard practice in
mechanistic model development and leverages the mechanistic framework’s transparency
to systematically improve predictive capability.

Specifically, the model validation will establish:

e Integral validation: Comparison of predicted volumetric swelling and fission gas
release (as functions of temperature, burnup, and power density) to measured fuel pin
values from SNAP-50 capsules;

e Residual analysis: Systematic examination of where and why the model over- or
under-predicts, revealing whether discrepancies correlate with temperature, burnup,
power density, or other variables that might indicate missing physics or incorrect
parameter values.

The detailed validation analysis will be presented in a dedicated validation and
implementation chapter that complements the mechanistic framework presented here. That
chapter will include the complete BISON model geometry, mesh, boundary condition
selections, power history reproductions, and detailed comparison plots and statistical metrics.

4.10 Chapter Summary

The SIFGRS mechanistic model for fission gas release and swelling in UN successfully
integrates LLS calculations (DFT, MD, CD), fuel-scale mechanistic processes (diffusion, nu-
cleation, growth, coalescence, resolution), and phenomenological parameterizations to cre-
ate a physically-grounded predictive framework. The three-regime diffusion decomposition
(D1 + Do+ D3) explains the complex temperature dependence and power density sensitivity
observed empirically. Grain boundary saturation and interconnection provide a mechanistic
basis for the rapid transition from gas retention to gas release observed at high temperatures.

The model’s parameter structure explicitly distinguishes high-confidence parameters
(derived from LLS calculations and widely-supported literature) from high-uncertainty
parameters (phenomenologically parameterized or known to be variable). This transparent
structure enables systematic sensitivity analysis (Chapter 6) to identify which parameters
most strongly influence predictions and therefore warrant prioritized experimental or
computational refinement. It further enables Bayesian calibration (Chapter 7) to constrain
parameter distributions using historical data while maintaining physical grounding.

With this mechanistic foundation established, Chapter 5 validates baseline model
predictions against SNAP-50 experimental data, identifying which mechanisms dominate
different temperature and burnup regimes and where parameter adjustments or mechanistic
refinements may be necessary to achieve quantitative agreement. Chapter 5 documents a
systematic parametric investigation exploring parameter space to identify optimal parameter
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combinations and diagnose physical bottlenecks limiting gas transport. Chapter 6 then
leverages this mechanistic transparency to quantify parameter uncertainties and propagate
them through fuel performance predictions, providing probabilistic confidence bands essential
for regulatory decision-making.

Validation against SNAP-50 data will establish the mechanistic model’s fidelity for
the temperature, burnup, and power density ranges relevant to advanced micro-reactor
applications, while residual analysis will identify directions for model refinement and
prioritize future experimental or LLS work. The mechanistic framework thus serves as the
foundation for both parametric investigation that reveals physical bottlenecks, sensitivity
analysis that reveals parameter importance, and uncertainty quantification that provides
probabilistic confidence bands on fuel performance predictions.
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Chapter 5

UN Fission Gas Release and Swelling
Model Implementation and
Experimental Validation

5.1 Introduction and Validation Strategy

The mechanistic fission gas release and swelling model developed in Chapter 4 provides
a rigorous physics-based framework for predicting UN fuel performance under irradiation.
However, mechanistic models are only valuable insofar as they accurately capture dominant
physical phenomena and provide reliable predictions across the experimental domain. This
chapter validates the SIFGRS model against historical UN irradiation data, with particular
emphasis on the SNAP-50 irradiation program, which provides the most comprehensive
characterization of UN fuel performance available.

The validation strategy employs a hierarchical approach. First, model predictions of
burnup, cladding temperature, and fuel centerline temperature are compared to experimental
measurements to verify that boundary conditions faithfully represent actual irradiation
conditions. Once model inputs are verified, integral fuel pin performance metrics, volumetric
swelling and fission gas release, are compared to experimentally measured values across a
range of irradiation conditions (temperature, burnup, power density). These comparisons
establish whether the model captures overall fuel behavior. Second, examination of
residual patterns, where and why the model over- or under-predicts, reveals whether
discrepancies correlate with specific operating regimes, suggesting missing physics or
parameter misprediction. Third, the consistency of model predictions with observed
phenomena (e.g., breakaway swelling transitions at high temperature, plateau release at low
temperature) validates not just the output accuracy, but also that the correct mechanisms
are being captured.

Validation against SNAP-50 data is particularly valuable because the SNAP-50 program
provides comprehensive characterization spanning a wide range of conditions relevant to
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advanced reactor designs. The SNAP-50 experiments (reported by DeCrescente et al. [13]
and Weaver et al. [46]) encompass fuel pin irradiations across fuel temperatures from
1213 K to 1839 K, burnups from 0.18% FIMA to 4.58% FIMA, and power densities from
0.32 kW/ecm? to 2.12 kW/cm®. Both integral measurements (fuel pin diameter change,
density change, fission gas release) and microscopic characterization (transmission electron
microscopy observations of bubble populations and grain growth) are available for many
cases, enabling validation at multiple scales.

The goal of this chapter is threefold. First, establish that the SIFGRS mechanistic
model provides credible predictions of UN fuel performance across a well-defined operating
domain, validating the fundamental mechanistic assumptions while identifying where those
assumptions potentially break down. Second, identify model gaps or structural limitations
that cannot be resolved through parameter calibration alone, thereby defining the validated
domain for subsequent calibration in Chapter 6 and 7. Third, demonstrate model maturity
sufficient for predictive applications within the validated regime while clearly documenting
boundaries beyond which model development is required.

5.2 SNAP-50 Experimental Context and Data

5.2.1 Historical Overview and Motivation

The SNAP-50 irradiation program was conducted in the 1960s by Pratt & Whitney
Aircraft and advanced by researchers at Oak Ridge National Laboratory, primarily to qualify
UN as a fuel for space reactor applications. The SNAP (Systems for Nuclear Auxiliary Power)
program required fuel materials with high thermal conductivity, high uranium density,
and acceptable swelling behavior under high-temperature, space-reactor neutron spectra.
Uranium mononitride was identified as a promising candidate due to its thermal conductivity
(approximately 0.25 W/cm-K at 1500 K, compared to 0.08 W /cm-K for UO3) and uranium
density (13.6 g/cm?® compared to 10.96 g/cm?® for UOy). The SNAP-50 experiments were
designed to characterize fuel performance across a range of reactor-relevant conditions and
to understand the fundamental mechanisms governing fission gas release and swelling.

The DeCrescente et al. [13] report details initial UN fuel development and high-
power irradiation experiments, while the Weaver et al. [46] Oak Ridge report provides
comprehensive post-irradiation examination data spanning a broader range of irradiation
conditions and includes detailed metallographic analysis and bubble characterization.
Chapter 3 contains a complete discussion of the SNAP-50 program.

5.2.2 BISON Modeled Test Cases and Irradiation Conditions

BISON fuel performance simulations were developed for 39 individual SNAP-50 test cases
spanning comprehensive operating conditions from published experimental data [13, 46]. The
test matrix includes 13 specimens with multiple axial locations (top, middle, bottom) per
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fuel pin, providing spatial resolution of temperature gradients and their effects on gas release
and swelling.

5.2.2.1 Operating Envelope

Table 5.1 summarizes the operating conditions spanned by the validation dataset. The
exceptional breadth of conditions, temperatures spanning 626 K, burnups varying by a factor
of 25, and power densities varying by a factor of 7, enables rigorous testing of mechanistic
model predictions across regimes where different physical phenomena dominate.

Table 5.1: SNAP-50 Operating Envelope and Measurement Ranges

Parameter Range

Fuel centerline temperature 1213-1839 K
Burnup 0.18-4.58 %FIMA
Power density 0.32-2.12 kW /cm?
Experimental FGR i0.01-36.9 %
Experimental swelling 1.0-10.0 % volumetric

The temperature range encompasses the full transition from athermal to diffusion-
dominated behavior (< 1300K) through the thermal transition regime (1300-1600 K)
to thermal diffusion-dominated behavior (>1600 K), directly enabling validation of the
three-regime diffusivity decomposition developed in Chapter 4. The burnup range spans
both short-term exploratory tests and extended-duration mission profiles, while the power
density variation enables assessment of fission-rate-dependent phenomena independent of
temperature effects.

Experimental measurements of fission gas release span five orders of magnitude, from
suppressed release (< 0.01%) in low-temperature, low-burnup cases to substantial release
(> 30%) in high-temperature cases. Volumetric swelling ranges from 1% to 10%, capturing
both stable swelling regimes and potential breakaway swelling behavior. This wide range
of responses provides stringent testing of whether the mechanistic model correctly predicts
both the magnitude and the temperature-burnup dependence of fuel behavior.

5.2.2.2 Fuel Fabrication and Physical Properties

UN fuel pellets were fabricated using powder-metallurgical synthesis at the Connecticut
Advanced Nuclear Engineering Laboratory [13]. Uranium metal was hydrided, vacuum-
decomposed to fine uranium powder, nitrided to sesquinitride (UyN3), then decomposed
to stoichiometric UN. Pellets were cold-pressed and sintered at 2530 K under nitrogen,
producing 4.78 mm diameter pellets at 95-98% theoretical density (14.3 g/cm®). Pre-
irradiation characterization confirmed stoichiometric nitrogen content (5.56 wt%), low
oxygen (< 1000ppm) and carbon (< 1000ppm), and grain sizes ranging 5-50 pum [13, 46].
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All fuel pins were clad with PWC-11 (Nb-1% Z1-0.1% C) tubing with a tungsten diffusion
barrier on the inner surface. Fuel-cladding gaps were filled with helium, and tungsten end
plugs provided fission gas plenum volume. Cladding dimensions varied across specimens to
accommodate different power densities and thermal conditions [46].

5.2.2.3 Experimental Measurements and Uncertainties

Post-irradiation examination provided the integral measurements compared to BISON
predictions. Cladding temperature was monitored during irradiation via Type K thermo-
couples positioned at the fuel pin midplane with accuracy £10°C and total uncertainty
+15°C. Four thermocouples per capsule verified axial temperature uniformity [46]. Volumet-
ric swelling was determined from fuel pellet diameter change (optical micrometry, +0.0002
in. resolution) and density change (immersion or geometric measurements). Combined un-
certainties are £1-3% depending on measurement technique [46]. Fission gas release was
measured by puncturing pressurized pins, collecting gas in calibrated volumes, and analyzing
Xe-131 and Kr-85 content via mass spectrometry. FGR is reported as percentage of total
gas generated based on measured burnup. Measurement precision is £0.03 cm?® at STP,
corresponding to +£2-5% relative error [46]. Burnup was determined from isotopic analysis
(137Cs, "1Ce, or U-235 depletion) with +5% uncertainty [46]. Transmission electron mi-
croscopy on select specimens provided direct observation of bubble populations and grain
boundary features supporting the mechanistic model.

5.3 BISON Model Implementation

BISON fuel performance simulations of SNAP-50 test cases were developed to predict
fuel swelling and fission gas release under experimentally-measured irradiation conditions.
This section details the computational model architecture, novel multi-pellet mesh imple-
mentation, thermal boundary condition derivation from ABAQUS [68], and integration of
mechanistic material property correlations developed in Chapter 2. ABAQUS is a commer-
cial finite element analysis software used for simulating mechanical behavior, stress-strain
analysis, and complex structural deformation across a wide range of materials and engineer-
ing applications.

5.3.1 Fuel Pin Geometry and Mesh Design

Two computational geometries were employed depending on the experimental configura-
tion. Single-pin capsules utilized the standard BISON fuel pin mesh generator, producing a
2D-axisymmetric (RZ) geometry with independent fuel, cladding, and gap discretizations as
shown in Figure 5.1. Three-pin stack capsules required a novel meshing architecture to en-
able simultaneous simulation of three fuel pellets with independent material response while
maintaining shared cladding behavior.
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Figure 5.1: Single fuel pin mesh utilizing BISON fuel pin mesh generator.

The three-pin mesh was constructed by stitching three instances of the fuel pin mesh
generator such that the cladding formed a single continuous component encompassing all
three pellets (top, middle, bottom), while the tungsten diffusion liner and fuel pellet for
each location remained individual, independent mesh components. This decomposition
enabled critical simulation features: independent power density assignment to each pellet
based on experimentally-reported burnup values, independent calculation of postprocessor
quantities (fission gas release and swelling) for each axial location, and shared cladding
mechanical behavior ensuring proper fuel-cladding load transfer along the entire pin length
(Figure 5.2). The result was efficient simultaneous simulation of three separate fuel pellet
experiments within a single BISON execution, reducing computational overhead compared
to three separate single-pin simulations while maintaining full physical coupling through the
shared cladding component.

== I " o N

Figure 5.2: Three fuel pin configuration showing the variation in fuel temperature due to
power influence and cladding boundary condition.

Mesh resolution was carefully selected to balance fidelity with computational cost.
Typical employment included 18 radial elements in fuel (refined toward centerline for accurate
capture of peak temperature and burnup), 50 axial elements per fuel pellet (enabling
resolution of axial temperature gradients from the fitted polynomial boundary condition), 4
radial elements in cladding, and 2 radial elements in tungsten liner. Bilinear quadrilateral
(Quad4) elements were used throughout for robust convergence and to ensure compatibility
between stitched component interfaces.

5.3.2 Thermal Boundary Conditions

Establishing accurate thermal boundary conditions was critical for fidelity yet challenging
due to the complexity of the experimental capsule geometry and multiple irradiation
conditions. A novel approach was adopted: finite-element thermal analysis in ABAQUS,
calibrated against experimental thermocouple data, was used to derive the complete cladding
outer surface temperature distribution for each test case.

For each of the test cases, a dedicated ABAQUS thermal model replicated the fuel
pin geometry, experimentally-reported power density, and fuel stack configuration (single
or three-pellet). The model solved steady-state heat conduction with volumetric fission
heat source distribution using material thermal conductivities appropriate to each case.
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The critical calibration step involved iterative adjustment of the outer boundary condition
(convective heat transfer coefficient to the lithium bath environment) until the calculated
cladding centerline temperature matched the experimentally-reported nominal cladding
temperature measured via thermocouples at the fuel pin midplane. This ensured that
the ABAQUS model accurately captured the thermal resistance of the capsule and coolant
environment.

Once calibrated to experimental thermocouple data, the complete axial temperature
profile was extracted from the ABAQUS solution and fit to a high-order polynomial function
of axial position:

Tclad,outer<z) = Z a; - Zi (51)
=0

Polynomial orders between 11 and 13 captured the axial temperature variation, with
higher orders necessary for three-pellet cases exhibiting multiple thermal peaks. Coefficient
scaling factors near 1.0-1.2 improved numerical conditioning without altering the profile
shape.

The fitted polynomial boundary condition was applied as a prescribed temperature on
the cladding outer surface in BISON. This approach provided several advantages. The
temperature distribution varied smoothly without discontinuities or artificial step-changes
that could introduce numerical artifacts, the boundary condition matched experimentally-
measured thermocouple values at midplane locations, spatial temperature variation reflected
the actual neutron flux distribution (via differential power density input) and heat removal
efficiency of the capsule design, and for multi-pellet cases, the polynomial captured the
complex multi-peak structure, enabling each pellet to experience appropriately different
thermal environments.

5.3.3 Thermal Model and Material Properties

In this work, the integration of mechanistic material property correlations, developed in
Chapter 2, were directly implemented into the BISON material codes to replace existing
or default constant property values. This ensured thermal and mechanical predictions were
grounded in updated physically-consistent, temperature-dependent behavior.

Fuel thermal conductivity was calculated using UN correlations from Chapter 2 that
account for both temperature dependence and porosity effects. The BISON material code
was updated with these correlations as user-defined functions. This enabled the model
to capture the significant variation in UN thermal conductivity across the 1200-1900 K
temperature range spanned by SNAP-50 cases, directly impacting predicted fuel centerline
temperatures and consequently the predicted gas release rates (which are highly temperature-
sensitive).

Cladding thermal conductivity for PWC-11 (Nb-1% Zr-0.1% C) was similarly imple-
mented with temperature dependence derived from literature data across the relevant range
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Figure 5.3: Representative ABAQUS-fitted temperature profile showing characteristic peaks
and valleys across the fuel pin axial length, with polynomial fit curve overlaid on ABAQUS
data points to demonstrate fit quality. Include the three peaks for a three-pellet stack case
to illustrate the methodology.

(300-1500 K). Historically, BISON implementations of niobium-alloy claddings employed
constant thermal conductivity values, a simplification that becomes problematic at SNAP-
50 cladding temperatures exceeding 1400 K. New equations were developed and coded into
the material code to provide temperature-dependent conductivity, improving thermal accu-
racy at elevated temperatures relevant to advanced space reactor designs.

The fuel-cladding gap was modeled using BISON’s thermal contact mortar capability,
implementing both thermal contact conductance and mechanical contact through mortar
constraints. The thermal conductance was inherently gap-geometry dependent, accounting
dynamically for gap closure due to fuel swelling and cladding thermal expansion over the
irradiation duration. Mechanical contact enforcement prevented numerical instabilities from
fuel-cladding separation and enabled accurate stress transfer between fuel and cladding,
important for coupled mechanical-thermal predictions of fuel-cladding interaction.

5.3.4 Power History and Fission Rate Definition

Power history for each test case was determined by inverse calculation from experimen-
tally measured quantities (burnup, irradiation time, and heavy metal density) rather than
relying on potentially uncertain direct power measurements or design specifications. This
inverse approach leveraged the experimentally determined burnup as the most reliable con-
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straint on the cumulative fission history.
The average power density required to achieve the measured burnup was calculated by
integrating the burnup equation:

1 Lire
Burnup = —/ P(t)dt (5.2)
Pu Jo

where P(t) is power density (W/cm?), ¢, is irradiation time, and p, is heavy metal (uranium)
atomic density. However, fission rates are not uniform radially within the fuel pin due to
thermal neutron self-shielding. The normalized radial power distribution was extracted from
published neutron transport analysis and experimental data available in Weaver et al. [46],
which provided a dimensionless radial flux depression profile showing the ratio of local-to-
surface fission rate as a function of normalized fuel radius.

To ensure that the volume-averaged fission rate correctly reproduced the experimentally-
measured average burnup, a volume integral of the radial power profile was performed:

1
Payg = Jo ow(r) rh (5.3)
fo rdr
where Pyom(r) is the normalized radial power distribution and P,y is the corrected average
power density. The volume-averaged power depression factor (approximately 0.78 for
the SNAP-50 capsule geometry) was applied to the nominal power density to yield the
true volume-averaged fission rate. This correction ensured that despite the radial flux
variations inherent to the SNAP-50 geometry, the spatial integral of fission rate over the
fuel cross-section produced the experimentally-measured average burnup when integrated
over irradiation time.

Incorporating the radial power profile was essential for mechanistic validation. The
predicted spatial distribution of void swelling and fission gas bubble populations follows
steep fission-rate dependencies, so accurate representation of the radial fission rate variation
directly impacts whether the mechanistic model correctly predicts the observed spatial
heterogeneity in fuel behavior. Conversely, constraining the volume-averaged fission rate
to match experimental burnup ensured that model inputs were consistent with experimental
observations.

For three-pellet capsules where individual pellet burnups were documented as varying
(per the Weaver et al. [46] and DeCrescente et al. [13] reports), each pellet in the BISON
simulation received an independent, tailored power profile such that its calculated average
burnup matched the reported value. This capability was essential for accurate representation
of spatially-varying irradiation damage and fission gas generation along the pin length.

Irradiation was modeled with a piecewise-linear power history consisting of three phases:
ramp-up over 12 hours from zero to nominal power, steady-state operation at nominal power
for the bulk of the irradiation duration, and ramp-down over 12 hours to zero at end-of-life.
This profile reflects typical reactor operational cycles and avoids numerical singularities or
artificial stress transients that can arise from instantaneous power step-changes.
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5.3.5 Summary: Model Validation Strategy

The BISON model implementation prioritizes fidelity to experimental observations
and consistency with mechanistic understanding. Thermal boundary conditions derive
from dedicated ABAQUS calibration against each individual test case’s experimental
thermocouple measurements, ensuring boundary conditions represent the actual thermal
environment without generic assumptions. Power density and power history are back-
calculated from experimentally-measured burnup rather than relying on potentially uncertain
direct measurements, ensuring that predicted fuel burnup matches experimental data by
construction. Radial neutron flux depression and radial temperature gradients are explicitly
modeled, enabling validation of predicted spatial heterogeneity in fuel swelling and fission
gas release. Material properties throughout the model employ correlations developed from
fundamental mechanistic understanding in Chapter 2, ensuring that predictions are grounded
in physically-consistent behavior.

This implementation approach ensures that BISON model inputs are tightly coupled
to experimental data and mechanistic understanding, establishing a rigorous foundation for
validation of mechanistic model predictions against integral fuel pin measurements of swelling
and fission gas release.

5.4 Baseline Model Performance and Gas
Partitioning Analysis

5.4.1 Collective Model-Experiment Comparison

Initial validation of the SIFGRS mechanistic model against the complete SNAP-
50 experimental database reveals systematic prediction patterns that motivate targeted
investigation of specific model parameters and physical mechanisms. Figure 5.4 presents
model-experiment comparisons for both volumetric swelling (left panel) and fission gas
release (right panel) across all 39 SNAP-50 test cases, with data points colored by fuel
centerline temperature to reveal temperature-dependent trends. The swelling comparison
(Figure 5.4, left panel) shows that the model captures temperature and burnup dependencies
correctly but systematically overpredicts by 1-3 volume percent. This uniform bias suggests
the mechanistic treatment of bubble growth may overestimate bubble populations or that
gas partitioning requires adjustment.

In contrast, the fission gas release comparison (Figure 5.4, right panel) reveals more
severe and temperature-dependent underprediction. At all temperatures and burnups, the
model significantly underpredicts release. At moderate to high temperatures (1400 - 1800
K) experimental values reach 5-7% while predictions remain below 2%. At low temperatures
(T < 1400 K, blue points), experimental fission gas release values are small (0.01-0.5%) but
the model predicts essentially zero release, missing the onset of venting entirely.
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Figure 5.4: Baseline SIFGRS model predictions (circle) compared to experimental measure-
ments (square) for all SNAP-50 test cases. Left panel: Volumetric swelling versus burnup,
Right panel: Fission gas release versus burnup. Data points are colored by fuel centerline
temperature to reveal temperature-dependent prediction patterns. Green highlights under
prediction for both swelling and fission gas release.

This temperature-dependent underprediction pattern suggests that the limiting mecha-
nisms for fission gas release differ across temperature regimes and that the baseline model
parameters may not adequately capture these transitions. At low temperatures, the model
has a difficulty achieving grain boundary saturation, preventing onset of release, and limit-
ing release all together. At intermediate temperatures, even when venting onset occurs, the
model fails to sustain release rates commensurate with the observed high-burnup behavior,

suggesting insufficient gas supply to grain boundaries or inadequate venting efficiency once
interconnection is achieved.

5.4.2 Strategic Specimen Selection for Parametric Investigation

To systematically investigate the physical mechanisms responsible for the observed
model-experiment discrepancies, five representative SNAP-50 specimens spanning distinct
temperature and burnup regimes were selected for detailed parametric sensitivity analysis.
These specimens were chosen to isolate specific physical phenomena (onset behavior,
sustained release, high-temperature and high-burnup success) while minimizing confounding
variables such as grain size variation or fabrication differences. Table 5.2 summarizes the
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selected specimens and their experimental regimes.

Table 5.2: Specimen selection for parametric investigation including operating conditions.

Specimen Temp  Burnup Power FGR FGR
(K) (%FIMA) (kW/cc) Exp (%) BISON (%)
220-M 1714 0.95 1.50 12.0 0.953
667-M 1498 0.78 0.40 0.02 0.029
602-M 1422 0.78 0.40 0.20 0.00
665-M 1426 4.58 1.00 5.96 0.061
669-M 1348 2.72 0.60 0.13 0.00
602-T 1269 0.97 0.47 0.02 0.00

Specimen 220-M represents the high-temperature regime where the baseline model
achieves FGR, serving as a control case to ensure that parameter adjustments intended to
improve intermediate- and low-temperature predictions do not degrade high-temperature,
high-fgr accuracy. Specimens 602-M and 667-M probe onset behavior at intermediate
temperatures with low power densities and modest burnups, isolating the grain boundary
coverage accumulation rate from complications arising from high fission gas production
rates. Specimen 665-M is the critical case for sustained release investigation, as it combines
intermediate temperature with the highest burnup in the SNAP-50 database (4.58% FIMA),
providing the most severe test of whether the model can sustain fission gas release over
extended irradiation. Specimen 669-M and 602-T represents the low-temperature onset
challenge, where even moderate burnup produces minimal experimental release but the model
predicts essentially zero venting.

By focusing parametric investigations on this strategically selected subset, subsequent
sections isolate specific physical mechanisms limiting model performance without the
confounding effects of analyzing all 39 cases simultaneously. The selected specimens span
temperatures from 1348 K to 1714 K, burnups from 0.78% to 4.58% FIMA, and power
densities from 0.4 to 1.5 kW /cc, collectively representing the breadth of physical behavior
observed in the SNAP-50 database.

5.4.3 Gas Partitioning Diagnosis: Baseline Model Limitations

To diagnose the physical origin of fission gas release underprediction, the spatial
distribution of fission gas atoms throughout the fuel microstructure was examined at the
completion of each irradiation cycle for the baseline model. Figure 5.5 presents stacked area
plots for six representative specimens spanning the temperature range from 1348 K to 1714 K,
showing the fraction of total produced gas residing in five distinct microstructural locations
as a function of burnup: solid solution in the fuel matrix (blue), intragranular bubbles
(orange), dislocation bubbles (purple), grain boundary bubbles (green), and released to the
plenum (maroon).
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Figure 5.5: Baseline model gas partitioning for six representative SNAP-50 specimens
showing fraction of total produced fission gas in each microstructural location versus burnup.
Colors indicate microstructural location for matrix (blue), intragranular bubbles (orange),
dislocation bubbles (purple), grain boundary bubbles (green), and released gas (maroon).

The gas partitioning analysis reveals a universal pattern across all specimens. Early
in the irradiation, fission gas atoms are rapidly trapped at dislocation networks (purple
region), but as burnup progresses, this gas is released through dislocation bubble resolution
and subsequently re-trapped in growing intragranular bubbles (orange region) rather than
diffusing to grain boundaries. This dislocation to intragranular bubble re-trapping cycle
dominates the gas transport pathway across the entire temperature range investigated.

For Specimen 665-M, which represents a difficult sustained release challenge, based on
burnup and moderate temperature, the gas partitioning evolution is particularly instructive.
At the start of irradiation, dislocation bubbles (purple) contain approximately 80% of total
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gas, with the matrix (blue) holding approximately 20%. As burnup increases beyond
0.5% FIMA, the matrix bubbles lower as they diffuse through the matrix and trap at
either intragranular bubbles or dislocations. Dislocation bubble fraction decreases as
resolution releases gas back to the matrix, while the intragranular bubble fraction increases
correspondingly, reaching approximately 85% by final burnup. The grain boundary gas
inventory (green) remains below 3% throughout the irradiation, and the released fraction
(maroon, barely visible) reaches only 0.06% despite the high burnup.

The high-temperature case, Specimen 220-M, exhibits qualitatively different behavior.
Dislocation bubble trapping (purple) dominates early burnup (~100% at 0.1% FIMA) but
decreases as resolution begins to release bubbles from the dislocations and they trap in
intragranular bubbles. Intragranular bubble trapping (orange) reaches a maximum of only
40% at intermediate burnup. The grain boundary gas fraction (green, visible but small)
remains below 3%, and the released fraction (maroon) reaches approximately 1% by 0.95%
FIMA. This demonstrates that at high temperatures, even modest grain boundary gas
inventories are not sufficient for sustained release because gas diffusion to grain boundaries is
still not rapid enough to maintain venting due to ongoing re-trapping and limited resolution.

The low-temperature specimens (669-M and 602-T) exhibit the most severe trapping
behavior. For Specimen 669-M, the matrix fraction (blue) remains elevated (approximately
20%) throughout the irradiation, indicating that gas diffusion is slow enough that substantial
fractions persist in solid solution rather than being captured by bubbles. However, the
intragranular bubble fraction (orange) still dominates, reaching 75% by final burnup. The
grain boundary gas inventory (green) barely registers (less than 1%), and correspondingly,
release (maroon) is effectively zero. The persistence of substantial matrix gas at low
temperatures might initially suggest that intragranular diffusion is the limitation, but
comparison with the moderate-temperature cases reveals that this matrix inventory does
not translate to grain boundary accumulation, indicating that re-trapping during diffusion
prevents gas from completing the transport pathway.

The intermediate-temperature specimens (602-M and 667-M) exhibit behavior transi-
tional between the high- and low-temperature extremes. Intragranular bubble trapping (or-
ange) reaches 50-65% by final burnup, dislocation trapping (purple) contributes 20-35%,
and grain boundary gas inventories (green) range from 1-3%. These specimens demonstrate
that even at temperatures where gas diffusion is moderately fast, the re-trapping competition
limits grain boundary accumulation and consequently suppresses fission gas release.

The grain boundary gas inventory remains below 3 percent across all specimens regardless
of conditions, immediately identifying the limitation as inadequate gas supply rather than
venting efficiency. Grain boundary coverage in these simulations reaches the saturation
threshold (0.5 fractional coverage) required for bubble interconnection and venting for most
cases, indicating that the venting model itself is functioning. However, because only 1-3% of
total gas is available at grain boundaries, the absolute inventory of gas available for venting
is insufficient to produce experimentally observed release rates, even when venting efficiency
is near 100%.

The dominant physical process preventing gas from reaching grain boundaries is re-
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trapping in intragranular bubbles following resolution of dislocation bubbles. Gas atoms
execute a cyclic dislocation to resolution to intragranular bubble re-trapping pathway rather
than completing the intragranular to grain boundary diffusion pathway required for sustained
venting. This cyclic behavior persists across all temperatures and burnups, with only the
relative importance of diffusion versus trapping kinetics varying with temperature. At
high temperatures, rapid diffusion partially overcomes re-trapping, allowing modest release.
At low temperatures, slow diffusion exacerbates re-trapping, preventing any measurable
release. This diagnosis motivates systematic investigation of trapping rates, resolution rates,
and matrix diffusion. However, adjustments must balance competing requirements across
temperature regimes. Sufficient bubble population for grain boundary saturation, but weak
enough trapping to maintain gas supply for sustained venting.

5.5 Systematic Parametric Investigation

The gas partitioning diagnosis established that the baseline model’s fission gas release
underprediction originates from excessive trapping of gas in intragranular and dislocation
bubbles with restricted diffusion and limited resolution, preventing adequate gas supply
to grain boundaries for venting. This section documents a systematic investigation of
model parameters controlling gas transport and partitioning, progressing chronologically
through the parameter adjustments attempted and the physical insights gained from each
investigation. The parametric study focuses on the six strategic specimens identified in
Table 5.2, with particular emphasis on Specimen 220-M, 665-M, and 669-M as the primary
test cases for sustained release behavior.

5.5.1 Saturation Coverage Reduction

The first parameter investigated was the grain boundary saturation coverage threshold,
which defines the fractional coverage at which grain boundary bubbles achieve geometric
interconnection and enable venting to the fuel-cladding gap. The baseline model employs a
saturation coverage of 0.5 (50% of grain boundary area covered by bubbles), derived from
geometric percolation theory for randomly distributed circles on a plane.

Reducing the saturation coverage threshold to 0.25 lowers the grain boundary gas
inventory required to initiate venting, potentially enabling earlier onset of fission gas release
at low temperatures where coverage accumulation is slow. Figure 5.6 compares fission gas
release predictions for the baseline saturation coverage (0.5) and reduced saturation coverage
(0.25) across the five strategic specimens.

For Specimen 669-M (low temperature, 1348 K), reducing saturation coverage from 0.5 to
0.25 advances the onset of fission gas release from zero (baseline never achieves saturation) to
approximately 1.5% FIMA. This demonstrates that at low temperatures, where intragranular
diffusion rates are slow and grain boundary gas accumulation is correspondingly sluggish,
the baseline saturation threshold is overly restrictive. However, the total release achieved
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Figure 5.6: Effect of grain boundary saturation coverage reduction on fission gas release
predictions for three specimen: ORNL-220 (red), ORNL-665 (purple), ORNL-669 (blue).
Solid lines indicate the baseline saturation coverage (0.5) while dashed lines show reduced

saturation coverage (0.25).

even with reduced saturation coverage is approximately 0.5%, overshooting the experimental
value of 0.13%.

For Specimen 665-M (intermediate temperature, high burnup), the reduced saturation
coverage produces earlier venting onset, increasing release from 1% to approximately 2%
by final burnup. However, this improvement is modest relative to the experimental value
of 5.96%, and the characteristic plateau behavior observed in the baseline simulation
persists. After initial venting onset, the release rate diminishes despite continued burnup
accumulation, indicating that the fundamental limitation is not the coverage threshold but
rather the supply of gas to grain boundaries.

For Specimen 220-M (high temperature, 1714 K), saturation coverage has negligible effect
on predictions, as the baseline model already achieves saturation early in the irradiation and
sustains release throughout burnup accumulation. At high temperatures, gas diffusion to
grain boundaries is sufficiently rapid that the saturation threshold does not constitute a
bottleneck.

While onset behavior at low temperatures is sensitive to the coverage threshold, sustained
release at high burnup is limited by gas supply rather than interconnection requirements.
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Subsequent parametric investigations must therefore address the physical mechanisms
governing gas transport from intragranular bubbles to grain boundaries.

5.5.2 Grain Boundary Vacancy Diffusion Enhancement

Having established that gas supply to grain boundaries limits sustained fission gas release,
attention turned to the mechanisms governing gas atom diffusion and bubble growth at grain
boundaries. One hypothesis for the observed release plateau was that vacancy diffusion at
grain boundaries might be insufficient to accommodate the influx of gas atoms, leading to
pressure buildup within grain boundary bubbles that suppresses further gas incorporation
and arrests venting.

The grain boundary vacancy diffusion coefficient was increased by a factor of 10? relative
to the baseline value to test whether enhanced vacancy mobility could sustain bubble growth
and venting at higher gas supply rates. This extreme multiplier was chosen to ensure
that vacancy diffusion would not constitute a bottleneck, allowing isolation of whether
accommodation physics limits venting.
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Figure 5.7: Effect of grain boundary vacancy diffusion enhancement on fission gas release
predictions for three specimen: ORNL-220 (red), ORNL-665 (purple), ORNL-669 (blue).
Solid lines indicate the baseline grain boundary vacancy diffusion (10°) while dashed lines
show reduced grain boundary vacancy diffusion (10?).
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Similar to saturation coverage, the vacancy diffusion enhancement shifts the onset of
FGR earlier in burnup allowing some cases to achieve FGR under the same conditions. For
Specimen 669-M and 665-M, release reaches approximately the same FGR as saturation
coverage condition indicating that vacancy grain boundary diffusion no longer increase total
FGR. This is seen when observing 220-M (high temperature), where the increase in vacancy
grain boundary diffusion did not change the onset of FGR nor the total FGR release.

The vacancy diffusion investigation established definitively that accommodation physics
is not the limiting mechanism in the baseline model though it does allow for enhanced
grain boundary coverage, especially in lower temperature conditions. Indeed, the baseline
model operates in a near-optimal accommodation regime where vacancy supply is adequate
to support bubble growth but not so excessive as to suppress venting. The fission gas
release limitation must therefore originate earlier in the transport pathway, specifically in
the intragranular region where gas partitioning between bubbles, dislocations, and the matrix
determines the supply rate to grain boundaries.

5.5.3 Dislocation Density Reduction

The preceding parametric investigations established that excessive intragranular bubble
trapping limits fission gas release by sequestering gas atoms in stable bubble populations
before they can diffuse to grain boundaries. Since dislocations provide the primary nucleation
sites for the larger intragranular bubbles that dominate trapping, the dislocation density
directly controls the total sink strength available for gas capture. The UN SIFGRS model
acknowledges that dislocation density in irradiated UN exhibits order of magnitude scatter
based on transmission electron microscopy measurements, ranging from 102 to 10* m™2
across different irradiation conditions and material fabrication routes [60]. The baseline
simulations employ a constant dislocation density as a simplifying assumption, which may
overestimate the sink strength relative to actual fuel microstructures.

Reducing the dislocation density decreases the total length of preferential nucleation sites
available, which should reduce the rate at which gas atoms are captured into dislocation
bubbles and increase the concentration of dissolved gas available for matrix diffusion and
grain boundary transport. To test this hypothesis, the dislocation density was systematically
reduced from the baseline value of 4x 103 m~2 to 10'2 m~2, spanning the experimental range
observed in irradiated UN fuel.

Figure 5.8 presents the fission gas release predictions as a function of burnup for three
dislocation density values across the temperature range. The results demonstrate that
dislocation density reduction produces modest FGR improvements while still preventing
low temperature cases (669-M) to initiate release. The only thing to note is that there is
a slight increase in final FGR, suggesting that less gas is trapped in the dislocations and
can migrate to the grain boundaries. However, the characteristic plateau behavior persists,
suggesting that even with reduced dislocation trapping, gas transport remains insufficient to
sustain continuous release.
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Figure 5.8: Effect of dislocation density reduction on fission gas release predictions for three

specimen: ORNL-220 (red), ORNL-665 (purple), ORNL-669 (blue-doesn’t appear on plot).

Solid lines indicate the baseline dislocation density (4 x 103 m~2) while dashed lines show
reduced dislocation density (1 x 10'? m~2).

The gas partitioning analysis shown in Figure 5.9 reveals the mechanistic explanation for
the limited FGR improvement. As dislocation density decreases, the fractional gas inventory
in dislocation bubbles (purple region) declines dramatically, confirming that fewer nucleation
sites are available for bubble formation. However, this gas does not transition to the mobile
matrix or grain boundary populations. Instead, the intragranular bubble fraction (orange
region) increases equally, indicating that gas atoms not captured at dislocations are trapped
in bulk bubbles nucleated homogeneously in the lattice.

This redistribution demonstrates that the model contains multiple competing sink
populations with comparable trapping strengths. When dislocation sink strength is reduced,
intragranular bubbles become the dominant trapping mechanism, capturing gas that would
otherwise have been sequestered at dislocations. The matrix gas concentration (blue
region) remains low across all dislocation density values, indicating that gas atoms are
captured into bubbles, either dislocation or bulk, faster than they can diffuse to grain
boundaries. The grain boundary gas fraction (green region) shows only modest increases
at intermediate temperatures and remains negligible at low temperatures, confirming that
reducing dislocation density alone cannot overcome the fundamental transport limitation.

The dislocation density investigation establishes that the baseline model’s high disloca-
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Figure 5.9: Gas partitioning evolution for dislocation density reduction across three
temperature regimes. Baseline dislocation density (grey background) compared to reduced
dislocation density (color overlay). Colors indicate microstructural location for matrix
(blue), intragranular bubbles (orange), dislocation bubbles (purple), grain boundary bubbles
(green), and released gas (maroon).

tion sink strength is not the sole cause of fission gas release underprediction. While dis-
location trapping represents the dominant sink in the baseline configuration, the model’s
physics contains sufficient alternative trapping mechanisms (intragranular bubbles) that re-
duction in dislocation density merely shifts the locus of gas capture rather than enabling
grain boundary transport.

5.5.4 Intragranular Diffusion Enhancement

The gas partitioning analysis thus far has established that the model traps approximately
85% of fission gas in intragranular or dislocation bubbles, with only 1-3% reaching grain
boundaries. While this diagnosis identified gas supply as the limiting mechanism, an
alternative hypothesis is that gas atoms successfully escape intragranular trapping but
diffuse too slowly through the fuel matrix to reach grain boundaries before being re-trapped.
If matrix diffusion constitutes the rate-limiting step, then enhancing the intragranular
gas diffusion coefficient should enable gas atoms to complete the transport pathway from
intragranular bubbles to grain boundaries more efficiently.

To test this hypothesis, the intragranular gas diffusion coefficient was uniformly multiplied
by a factor of 5. This enhancement maintains the temperature-dependent functional form of
the baseline diffusion model while scaling the magnitude for both Xe and vacancy diffusion,
effectively accelerating the rate at which dissolved gas atoms and vacancies traverse the
fuel matrix. The results displayed in Figure 5.10 demonstrate that enhancing intragranular
diffusion by 5x produces systematically modest but consistent improvements in gas transport
to the grain boundary across the temperature range examined. The effect manifests through
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several observable mechanisms that reveal the underlying gas transport dynamics within the
fuel.
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Figure 5.10: Effect of intragranular diffusion enhancement on fission gas release. Baseline
intragranular diffusion coefficient (grey background) compared to enhanced diffusion with
5x multiplier (color overlay). Colors indicate microstructural location for matrix (blue),
intragranular bubbles (orange), dislocation bubbles (purple), grain boundary bubbles
(green), and released gas (maroon).

In all three specimens shown, enhanced diffusion causes the dissolved matrix gas
concentration (blue region) to decline, indicating that gas atoms diffuse away from the bulk
matrix more rapidly before being trapped. Simultaneously, the dislocation bubble population
(purple region) increases its fractional share of total gas, suggesting that faster diffusion
allows gas to preferentially accumulate at the highest-affinity trapping sites—dislocations and
intragranular bubbles-rather than migrating to the grain boundaries. This redistribution
toward dislocation bubbles reflects a fundamental competition between diffusion pathways.
When gas atoms can move more quickly, they preferentially seek out the strongest traps
rather than being immobilized at random nucleation sites.

The magnitude of improvement in gas transport varies substantially across the tempera-
ture range examined. At the lowest temperature (669-M, 1348 K), the enhancement produces
minimal fission gas release, and the majority of gas remains trapped in intragranular bubbles
despite the accelerated diffusion.

The fivefold diffusion enhancement confirms that matrix diffusion is a secondary
contributor, not the primary limitation. Enhanced diffusion enables slightly more efficient gas
routing toward dislocations and modestly increases grain boundary supply, yet the persistent
low-to-moderate grain boundary gas accumulation demonstrates that the primary bottleneck
remains the excessive partitioning of gas into intra-granular bubbles during the early stages
of irradiation. This finding redirects the investigation away from transport coefficients and
toward more mechanisms which govern bubble trapping and resolution rates. The model’s
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failure to release significant fission gas is not due entirely due to slow diffusion to the grain
boundary, but rather due to gas atoms being permanently captured in traps before they
have the opportunity to reach the boundary at all. The subsequent investigation therefore
focuses on directly manipulating the trapping and resolution rate parameters to test whether
reducing gas capture in bubbles and enhancing bubble destruction can overcome the supply
limitation.

5.5.5 Trapping and Resolution Rate Adjustment

The gas partitioning diagnosis and diffusion enhancement investigations established that
excessive bubble trapping constitutes the primary limitation on fission gas release. The
baseline model traps approximately 85% of generated fission gas in intragranular bubbles,
with resolution (bubble destruction by fission fragments) insufficient to return this gas
to the mobile matrix population. To test whether directly reducing trapping rates and
enhancing resolution rates could overcome this bottleneck, a moderate parameter adjustment
was implemented. Intragranular trapping rates (intragranular bubble trapping, dislocation
bubble trapping, and dislocation line trapping) were reduced by a factor of 0.5, and resolution
rates (intragranular bubble and dislocation bubble resolution) were increased by a factor of
D.

The rationale for this combined trapping-resolution adjustment is mechanistically
straightforward. Reducing trapping rates decreases the probability that a dissolved gas
atom will be captured by a bubble, maintaining a larger population of mobile gas atoms
available for grain boundary transport. Enhancing resolution rates increases the frequency
with which bubbles are destroyed by fission fragments, releasing trapped gas back to the
fuel matrix before it can accumulate in large, stable bubbles. The moderate multipliers (0.5
for trapping, 5 for resolution) were selected to test whether physically plausible parameter
adjustments, within the uncertainty bounds of the underlying mechanistic models, could
produce meaningful improvements in gas transport.

Figure 5.11 reveals an unexpected and mechanistically revealing outcome. Across all
three temperature regimes examined, the moderate trapping and resolution adjustment
successfully reduces intragranular bubble gas fraction, confirming that the parameter
modifications function as intended, but produces a counterintuitive redistribution of gas
toward the fuel matrix rather than toward grain boundaries. For specimen 665-M (center
panel, 1426 K), the matrix gas fraction (blue region) increases from approximately 10%
(baseline) to 60-80% at BOL, while grain boundary gas (green region) remains below 10%
throughout the irradiation. The sharp change in gas concentration as noted earlier for
specimen 220-M is now more pronounced.

This gas redistribution pattern reveals a critical physical insight such that the model
exhibits a two-stage bottleneck structure. The first bottleneck, intragranular bubble
trapping, successfully captures most fission gas in the baseline model, preventing transport
to grain boundaries. When this first bottleneck is partially relieved through reduced trapping
and enhanced resolution, gas atoms successfully escape permanent capture in bubbles and
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Figure 5.11: Gas partitioning for moderate trapping and resolution rate adjustments
(trapping = 0.5%, resolution = 5x) across three temperature regimes. Baseline intragranular
diffusion coefficient (grey background) compared to enhanced diffusion with 5x multiplier
(color overlay). Colors indicate microstructural location for matrix (blue), intragranular
bubbles (orange), dislocation bubbles (purple), grain boundary bubbles (green), and released
gas (maroon).

enter the mobile matrix population. However, a second bottleneck then becomes rate-
limiting such that the matrix diffusion is insufficiently rapid to clear dissolved gas atoms to
grain boundaries before continued fission gas production overwhelms the available transport
capacity. Gas atoms are generated faster than they can diffuse through the fuel matrix to
reach the grain boundary sink, resulting in accumulation of dissolved gas in solid solution.

The fission gas release consequences of this matrix accumulation are shown in Figure 5.12.
With the dramatic shift in gas partitioning from bubbles to matrix, fission gas release
improvements are sufficient but still well below experimental. For Specimen 220-M (high
temperature), release increases from 1.5% (baseline) to approximately 6.5%. For Specimen
665-M (intermediate temperature), release increases from 1% to approximately 3%, still far
below the experimental values. For Specimen 669-M (low temperature), release remains
effectively zero despite 80% of gas residing in the matrix.

The moderate trapping and resolution investigation establishes that the baseline model’s
fission gas release limitation arises from a coupled bottleneck structure rather than a single
rate-limiting mechanism. Intragranular bubble trapping constitutes the first bottleneck,
preventing gas from entering the transport pathway. Matrix diffusion constitutes the
second bottleneck, preventing gas that does escape trapping from reaching grain boundaries.
Addressing only the trapping bottleneck, even with combined reduction in trapping rates
and enhancement in resolution rates, is insufficient to achieve sustained fission gas release
because gas accumulates in the matrix faster than diffusion can clear it to grain boundaries.

This finding motivates the aggressive combined parameter optimization presented in
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Figure 5.12: Effect of trapping and resolution on fission gas release predictions for three
specimen: ORNL-220 (red), ORNL-665 (purple), ORNL-669 (blue-doesn’t appear on plot).
Solid lines indicate the baseline trapping and resolution (Trap=1.0 Resolution=1.0) while
dashed lines show reduced trapping and increase resolution (Trap=0.5 Resolution=>5.0).

next, which simultaneously addresses both bottlenecks through coordinated enhancement
of resolution rates, reduction of trapping rates, and acceleration of matrix diffusion.

5.5.6 Combined Parameter Investigation

The parametric investigations presented in Sections 5.5.1-5.5.5 established that the base-
line model’s fission gas release underprediction arises from a coupled two-stage bottleneck.
Excessive intragranular bubble trapping (first bottleneck) followed by insufficient matrix dif-
fusion to clear dissolved gas to grain boundaries (second bottleneck). The moderate trapping
and resolution adjustment (Section 5.5.5) successfully demonstrated that reducing bubble
trapping and enhancing bubble destruction shifts gas from intragranular bubbles to the fuel
matrix, but revealed that matrix diffusion alone is insufficient to transport this dissolved gas
to grain boundaries before continued production overwhelms the available diffusive capacity.

These findings motivate an aggressive three-parameter optimization strategy: simulta-
neously maximizing bubble resolution rates to continuously destroy traps and return gas to
solution, minimizing trapping rates to prevent re-capture of dissolved gas, and maximizing
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matrix diffusion rates to rapidly clear dissolved gas to grain boundaries before it can be
re-trapped. The rationale for this combined approach is as follows. Minimized trapping
(scaling factor = 0.1, a factor of 10 reduction from baseline) dramatically slows gas capture
by bubbles, maintaining the majority of fission gas in mobile solid solution. Maximized
resolution (scaling factor = 10, a factor of 10 increase from baseline) ensures that bubbles
that do nucleate are destroyed rapidly before they can grow and stabilize, maintaining a
dynamic steady state where bubble populations remain transient rather than permanent
trapping sites. Maximized intragranular diffusion (multiplier = 10, enhancing both vacancy
and xenon diffusion coefficients) accelerates the rate at which dissolved gas traverses the fuel
matrix to reach grain boundaries, overcoming the matrix diffusion bottleneck identified in
Section 5.5.5.
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Figure 5.13: Gas partitioning comparison for aggressive combined parameter optimization
(trapping = 0.1, resolution = 10, diffusivity = 10) across three temperature regimes. Left:
Specimen 220-M (1714 K). Center: Specimen 665-M (1426 K). Right: Specimen 669-M (1348

Figure 5.13 demonstrates the dramatic effect of the combined parameter optimization
on gas partitioning. Across all three temperature regimes, the aggressive parameter combi-
nation produces qualitatively similar gas redistribution patterns, though with temperature-
dependent magnitudes. For Specimen 665-M (center panel, 1426 K), the primary test case,
intragranular bubble gas decreases from 85% (baseline) to <10%, matrix gas remains con-
trolled at 10-20% (compared to 60-80% in the moderate case, Figure 5.11), grain boundary
gas increases from 1% to 15%, and released gas reaches 6%.

The success of the combined optimization arises from synergistic effects that address both
identified bottlenecks simultaneously. Minimized trapping (scaling factor = 0.1) prevents
the majority of dissolved gas from being captured in bubbles, but unlike the moderate case
(Section 5.5.5), does not cause matrix accumulation because enhanced diffusion provides
sufficient transport capacity. Enhanced resolution (scaling factor = 10) increases the rate at
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which bubbles that do form are destroyed by fission fragments, limiting the time available
for gas accumulation within bubbles and maintaining a dynamic equilibrium where bubble
gas content remains low. Enhanced intragranular diffusivity (multiplier = 10) overcomes
the matrix diffusion bottleneck observed in the moderate case, clearing dissolved gas to
grain boundaries faster than production can overwhelm transport capacity. The critical
insight is that all three parameters must be adjusted aggressively and simultaneously with
minimal trapping to prevent capture, maximal resolution to destroy bubbles that do form,
and maximal diffusion to clear matrix gas before re-trapping.
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Figure 5.14: Effect of trapping, resolution and diffusivity on fission gas release predictions
for three specimen: ORNL-220 (red), ORNL-665 (purple), ORNL-669 (blue-doesn’t appear
on plot). Solid lines indicate the baseline trapping, resolution and diffusion (Trap=1.0
Resolution=1.0 Diff=1.0) while dashed lines show reduced trapping, increased resolution
and diffusion (Trap=0.1 Resolution=10.0 Diff=10.0).

The cross-specimen comparison (Figure 5.14) reveals both the success and the limitations
of the combined parameter optimization. The combined optimization produces moderate
overprediction, as the baseline model already performed adequately at high temperatures
where gas diffusion is rapid. The combined parameter set enhances gas transport beyond
what is necessary, resulting in excessive release. For Specimen 665-M, the sustained
release behavior qualitatively matches experimental trends, demonstrating that the physical
mechanisms governing gas transport have been correctly identified even though the
quantitative parameter values require refinement.
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For Specimen 669-M (low temperature), the combined optimization produces sufficient
release. The baseline model was fundamentally unable to release gas due to the low
temperature migration of gas. The combined optimization demonstrates that the physical
pathway exists for significant fission gas release when trapping is minimized, resolution is
maximized, and diffusion is enhanced, but optimal parameter values must be temperature-
dependent to match experimental observations across the full operating range.

The combined parameter optimization investigation establishes that the fission gas release
limitation at all temperatures can be overcome through synergistic adjustment of trapping,
resolution, and diffusivity parameters, confirming that the baseline model contains the
necessary physical mechanisms but employs parameter values that excessively limit gas
transport. However, the temperature-dependent response to these parameter adjustments,
with systematic overprediction increasing in severity from high to low temperatures, indicates
that optimal parameter values are temperature-dependent, and that a single parameter set
cannot simultaneously match experimental fission gas release across the full temperature
range. Before proceeding to regime-based analysis and mechanistic interpretation, it is
essential to evaluate the complete suite of parameter variations investigated in Sections 5.5.1—
5.5.6 against both primary validation metrics, fission gas release and fuel swelling, to
assess whether multi-objective optimization is achievable and to identify the fundamental
limitations constraining model predictive capability.

5.5.7 Multi-Objective Validation

Throughout Sections 5.5.1-5.5.6, parameter adjustments were evaluated primarily
through fission gas release predictions. However, mechanistic fuel performance models
must simultaneously satisfy multiple validation objectives. Fuel swelling constitutes a
critical second metric that constrains fuel-cladding mechanical interaction and licensing
margins. Because parameter adjustments alter gas partitioning between microstructural
locations, they directly affect both fission gas release and swelling. This section provides a
comprehensive multi-objective assessment.

Table 5.3: Fission gas release predictions across parameter variations.

Exp Sat Cov. Vac. GB IG Diff. Trap/Res Combined

Case QR (%) FGR (%) FGR (%) FGR (%) FGR (%) FGR (%)
220M 120 1.7 1.04 1.14 3.85 9.98
665-M  5.96 0.92 1.49 0.11 0.77 5.97
669-M  0.13 0.15 1.20 0.00 0.00 1.46
602B  0.08 0.09 0.20 0.00 0.00 1.88
667-M  0.03 1.01 0.19 0.11 1.67 6.17

Tables 5.3 and 5.4 reveal asymmetric model performance across the two validation
metrics. Volumetric swelling remains robust across the parameter space explored, showing
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Table 5.4: Volumetric swelling predictions across parameter variations.

Exp Sat Cov. Vac. GB  IG Diff. Trap/Res Combined

Case  guell (%) Swell (%) Swell (%) Swell (%) Swell (%) Swell (%)
2200M 6.0 6.1 6.9 9.2 i1 5.1
665-M 7.9 12.6 15.1 16.5 8.8 8.1
669-M 6.9 7.7 9.2 10.1 4.8 4.7
602B 2.4 3.1 3.8 42 1.7 2.1
667-M 1.8 3.3 3.9 5.1 2.4 2.7

that as swelling scales directly with dislocation and intragranular bubble inventory as seen
with an increase in the first three tests. As the resolution and trapping was reduced, the
swelling was reduced towards experimental while FGR was increased.
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Figure 5.15: Predicted versus experimental scatter plots for volumetric swelling (left) and
fission gas release (right) across all parameter variations. Shaded regions indicate factor-of-2
uncertainty bands. Swelling clustering near 1:1 agreement line demonstrates robustness to
parameter adjustments.

These results establish that fuel swelling prediction capability is fundamentally coupled to
fission gas release performance. More interestingly, fission gas release and swelling behavior
with respect to parameter manipulation appears to be experimental regime-dependent.
Optimal trapping, resolution, and diffusivity values vary systematically with burnup and
temperature, and no single temperature-independent parameter set can satisfy validation
objectives across all operating regimes simultaneously. For this reason, an investigation into
how the tests are grouped based on temperature, burnup and power must be conducted.
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5.6 Regime Identification and Model Limitation
Analysis

The SNAP-50 experiments separate naturally into distinct operating regimes when
mapped in temperature-burnup space. Figure 5.16 summarizes the experimental data and
baseline model predictions across these regimes. Panel (a) identifies three characteristic
clusters in temperature-burnup space and colors each specimen by experimental FGR.
The bulk of the data falls within a compact region between 1200 and 1585 K and below
roughly 3 %FIMA. In this standard regime experimental FGR remains very low, typically
between 0.01 and 0.15 %. Two specimens lie outside this cluster. Specimen 220 occupies the
high-temperature corner above 1600 K, where experimental FGR reaches 12 %. Specimen
665 occupies the high—burnup corner near 4.6 %FIMA at about 1425 K, where experimental
FGR is almost 6 %. These outliers demonstrate that either very high temperature or very
high burnup can activate additional release mechanisms that are not strongly expressed in
the bulk of the dataset.

Panel (b) shows model error, which is small for most specimens but grows near the
upper edge of the temperature range. Panel (c¢) compares predicted and experimental
FGR on a parity plot. Standard-regime points cluster near the one-to—one line, while
the high—temperature and high—-burnup specimens deviate strongly. Panel (d) presents
the average microstructural gas distribution for each regime and reveals that the outliers
already exhibit elevated grain boundary inventories relative to the standard regime. This
redistribution hints that the model begins to push gas to grain boundaries in conditions
where experiments still show limited release.

To understand the origin of this behavior, the analysis focuses on the subset of specimens
that remain within the main temperature—burnup cluster. Removing the two extreme outliers
allows closer examination of how model error evolves as temperature and burnup increase.
Figure 5.17 shows this in more depth. Panel (a) shows fission gas release error as a function
of temperature with marker size proportional to burnup. Within the standard regime,
predictions remain close to experimental values until a sharp transition near 1485 K and
1 %FIMA. Specimens below either threshold show errors near zero. Four specimens that
exceed both thresholds exhibit a sudden increase in error, with model predictions between
0.6 and 1.0 % FGR while experiments remain near 0.1 %. This discontinuity does not appear
in the experimental data, which vary smoothly across the same conditions, so it must arise
from model structure rather than from a physical transition in the fuel.

The experimental FGR map in panel (b) reinforces this conclusion. Points within the
shaded high temperature-high burnup region continue to show low experimental FGR. In
contrast, the model predicts a step increase in release once both thresholds are exceeded as
shown in panel a. The diagnostic plot of grain boundary coverage in panel (c) identifies the
specific mechanism. For most specimens, grain boundary coverage increases gradually with
temperature and burnup and remains between about 20 and 40 %. In the four regime shifts,
coverage reaches 50 %. At this point the FGR is triggered.
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Figure 5.16: Regime analysis of SNAP-50 experimental data and baseline model perfor-
mance. (a) Temperature-burnup map colored by experimental FGR showing standard,
high-temperature, and high—burnup regimes. (b) Model error map showing where pre-
dictions deviate from measurements. (c) Parity plot comparing predicted and experimental
FGR. (d) Average gas distribution by regime showing the shift in microstructural partition-
ing.

Panel (d) shows the corresponding change in gas partitioning. In the standard regime, an
average of roughly 10 % of the gas remains in the matrix, about half resides in intragranular
bubbles, and the remainder is divided between dislocation loops and very small grain
boundary and released fractions. In the high temperature-high burnup specimens, the
model shifts gas from dislocation bubbles to grain boundaries and the released category
once the percolation threshold activates. Experimental FGR, however, does not reflect such
a transition. The data therefore indicate that real grain boundaries do not suddenly become
fully connected at 50 % coverage and that additional resistance to venting remains, possibly
due to microstructural changes due to temperature or burnup.

Swelling diagnostics lead to the same conclusion. Figure 5.18 shows swelling error versus
temperature, again with marker size proportional to burnup. Errors remain modest through
most of the domain, then increase sharply in the same shaded region defined by 1485 K and
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Figure 5.17: Fission gas release diagnostics for the standard regime. (a) Prediction error
versus temperature with marker size proportional to burnup (b) Experimental FGR map
showing smooth variation across the same conditions (¢) Grain boundary coverage showing
the binary percolation switch at 50 % (d) Gas partitioning shift between standard and high
temperature—high burnup conditions.

1 %FIMA. The experimental swelling distribution covers a wide range, from roughly 2 to
8 % volumetric strain, but does not show a sudden step at the identified thresholds. Instead,
the enhanced swelling predicted in the high temperature-high burnup region is an artifact
of the same binary percolation switch that forces gas to the grain boundaries and out of
the fuel. Once this switch activates, the model both releases too much gas and retains an
unrealistically altered internal gas inventory, which in turn perturbs swelling predictions.
These diagnostics motivate a regime-based definition of the calibration domain. The



CHAPTER 5. UN SIFGRS MODEL VALIDATION 100

@) (®)

@ Standard

O HighT+B [0 o)
7
e 25 25
A
) 2
2 5} I = .
2 = Q
=] m 5 <
= @ — 20 = —~20 st
| < < s g
7 1 . . ........................ E E £
S o @ o = = £
& D X S - g
g O FA- g
= o o =
5 8 (@} 2 2 =
| | Y S ———— - [N VI S S ————
ch o © 3 2 ° o ¢c® £
- ) £
Bff memmmm e —————————— L0 10 == ——— Q- """ 6 ————————————— <
=
£ o o a
s @) 8 e DO 2
[ O @ oa
0 05 O
-1
2 - =00 0.0 -0
1200 1250 1300 1350 1400 1450 1500 1550 1600 1200 1250 1300 1350 1400 1450 1500 1550 1600
Temperature (K) Temperature (K)

Figure 5.18: Swelling diagnostics for the standard regime. (a) Prediction error versus
temperature with marker size proportional to burnup. (b) Experimental swelling distribution
across the full temperature to burnup domain.

standard regime includes all specimens that remain below 1485 K and below 1 %FIMA.
Within this subset the model response is continuous. Both FGR and swelling errors are
small and do not show abrupt changes with operating conditions. This regime spans a
sufficient combinations of temperature, burnup, and power density to constrain the sensitive
parameters identified in the preceding parametric studies. Specimens that exceed both
thresholds are excluded from parameter calibration because their discrepancies originate
from the structural grain boundary percolation assumption rather than from uncertain
rate parameters. Attempting to fit them would drive trapping, resolution, and diffusion
coefficients away from physically plausible values.

The external regimes retain important roles in the validation process. Specimen 220
defines a high temperature thermal release regime where additional mechanisms such as
enhanced grain boundary sweeping, restructuring, or high-temperature coarsening likely
contribute to the observed 12 % release. Specimen 665 defines a high burnup regime
where cumulative damage and high fission gas production enable significant release even at
moderate temperature. Both conditions remain as dedicated validation cases that bracket
the standard regime and highlight where new physics are required before extrapolation can
be trusted.
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5.7 Summary and Transition to Sensitivity Analysis

This chapter established the initial validation of the SIFGRS mechanistic model for UN
fuel by comparing BISON predictions to the SNAP-50 experimental database. The work
demonstrated that the model can reproduce key features of fuel behavior within a defined
operating domain and also exposed structural limitations that appear when both temperature
and burnup become large.

The early sections described the experimental program, model implementation, and
baseline performance. The BISON simulations incorporated detailed thermal boundary
conditions derived from ABAQUS analyses, temperature-dependent material properties, and
power histories that reproduce measured burnup. With this framework in place, baseline
comparisons showed that volumetric swelling is predicted with good fidelity throughout the
dataset. Swelling errors fall within experimental uncertainty for most specimens, which
indicates that the overall magnitude and burnup dependence of retained gas and vacancy
populations are represented reasonably well in the current formulation.

Fission gas release proved more challenging. Even after model inputs were tied closely
to experimental conditions, baseline simulations significantly underpredicted FGR across
much of the temperature range. Gas partitioning diagnostics revealed that the model traps
roughly 85 % of produced gas in intragranular and dislocation bubbles, while only a small
fraction reaches grain boundaries. Systematic parametric studies then investigated the roles
of saturation coverage, grain boundary vacancy diffusion, dislocation density, intragranular
diffusion, and coupled trapping-resolution rates. These studies showed that adjustments to
any single mechanism produce only modest improvements and often trade accuracy between
temperature regimes. The investigations also revealed a coupled two-stage bottleneck.
Strong trapping at dislocations and intragranular bubbles forms the first bottleneck. Limited
matrix diffusion into grain boundaries forms the second. When trapping and resolution are
adjusted without enhancing diffusion, gas simply accumulates in the matrix. When diffusion
is increased without reducing trapping, gas is routed preferentially to strong sinks instead
of to grain boundaries.

A combined parameter study demonstrated that the model physics are capable in
principle of matching high FGR values when trapping is strongly reduced, resolution is
enhanced, and diffusion is increased together. Under these conditions the gas inventory shifts
from intragranular bubbles to grain boundaries and the plenum, and the model reproduces
both the magnitude and qualitative shape of release for the most demanding specimens.
This success comes at the cost of overprediction in other parts of the dataset. The response
therefore cannot be captured by a single temperature—independent parameter set. Instead,
the model behaves as a family of regimes, each with different effective balances among
trapping, resolution, and diffusion.

The regime analysis formalized this observation. Using temperature-burnup maps and
focused diagnostics, the chapter identified a standard regime where the model response
is smooth and both swelling and FGR errors remain small, along with high-temperature
and high—burnup regimes where predictions deviate systematically. The binary grain
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boundary percolation rule in the BISON venting model was shown to introduce an artificial
discontinuity at 1485 K and 1 %FIMA. Above this threshold, the model forces grain
boundary coverage to act as a hard switch and produces unrealistically high release and
swelling. Experimental data do not exhibit such a sharp transition, which confirms that
the discrepancy is structural rather than parametric. The calibration domain was therefore
restricted to the 22 specimens that remain below the 1485 K and 1 %FIMA thresholds.
Within this domain the model behavior is continuous and amenable to parameter refinement.

This regime-guided validation provides the foundation for the next two chapters.
Chapter 6 applies a comprehensive sensitivity analysis to the standard regime dataset.
The analysis ranks model parameters according to their influence on swelling and fission
gas release and quantifies how each mechanism contributes within the validated operating
space. Particular attention is given to parameters that govern intragranular diffusion, bubble
trapping and resolution, and grain boundary transport, since these processes emerged in this
chapter as the controlling features of the gas migration pathway. The sensitivity results define
a reduced set of influential parameters that will be carried forward into the calibration stage.

Chapter 7 then performs Bayesian calibration and uncertainty quantification using
the standard-regime specimens as the likelihood—defining data. The regime definition
developed here ensures that posterior distributions reflect genuine parameter uncertainty
rather than compensating for missing physics or structural discontinuities in the model.
Calibration is carried out while maintaining consistency with the mechanistic interpretation
of the traps—diffusion—venting pathway. The high—temperature and high—burnup specimens,
including 220 and 665, are reserved as out—of-sample validation cases that test whether
the calibrated model extrapolates in a physically reasonable manner and highlight where
additional mechanistic development is still required.

In summary, this chapter moved the SIFGRS model from implementation to a
regime—aware validated state. The work identified the domain where the current physics
are credible, isolated the structural limitations associated with the grain boundary per-
colation assumption, and established a clear path for subsequent sensitivity analysis and
Bayesian uncertainty quantification. Together, these steps position the model for calibrated
predictions in advanced reactor conditions while transparently documenting the boundaries
beyond which further model development is necessary.
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Chapter 6

Global Sensitivity Analysis

The parametric investigation in Chapter 5 established that SIFGRS predictions of fission
gas release are highly sensitive to trapping, resolution, and diffusion processes, while swelling
predictions remain comparatively robust. That work relied on targeted parameter sweeps
in a reduced space. The goal of this chapter is to extend those insights to the full
22-parameter model using a formal global sensitivity analysis. The resulting ranking of
influential mechanisms provides the bridge between the regime-based validation in Chapter 5
and the Bayesian calibration and uncertainty quantification developed in Chapter 7.

The parametric investigation demonstrated that fission gas release predictions are
sensitive to trapping rates, resolution rates, intragranular diffusion coefficients, and grain
boundary saturation coverage, while swelling predictions remain robust across parameter
variations. However, systematic quantification of parameter importance across the full 22-
dimensional parameter space is required to prioritize parameters for Bayesian calibration
and identify potential compensatory interactions that were not previously investigated.

This chapter presents a global sensitivity analysis using the Morris Elementary Effects
method to quantify parameter importance for both fission gas release and volumetric swelling
predictions across the SNAP-50 experimental database. The analysis identifies the subset of
influential parameters requiring calibration, confirms regime-dependent parameter sensitivity
suggested by Chapter 5 findings, and quantifies interaction effects that inform the Bayesian
calibration framework (Chapter 7).

6.1 Morris Elementary Effects Methodology

The Morris method [69, 70] quantifies parameter importance through two metrics, the p*
(mean absolute elementary effect), which measures overall parameter influence on model out-
puts, and o (standard deviation of elementary effects), which measures nonlinearity and pa-
rameter interactions. The method uses randomized one-at-a-time parameter perturbations,
providing computational efficiency suitable for expensive simulation models while maintain-
ing qualitative agreement with variance-based methods [71].
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Each of the 22 uncertain SIFGRS parameters was perturbed over predetermined ranges,
representing plausible parametric uncertainty based on literature values and physical
constraints. The Morris analysis employed 168 randomized trajectories through 12 levels,
providing robust estimates of p* and o for each parameter. Sensitivity metrics were
computed separately for fission gas release and volumetric swelling at end-of-life conditions
for representative specimen-locations, enabling assessment of whether parameter importance
varies with operating conditions (temperature, burnup, power density).

6.2 Fission Gas Release Sensitivity

Figure 6.1 presents Morris sensitivity metrics for fission gas release predictions, with
results colored by temperature (left), power density (center), and burnup (right) to assess
regime-dependent sensitivity.

Eight parameters exhibit substantial influence on fission gas release (u* > 2), ranked by
mean u* across all specimens (Table 6.1):

1. Grain Radius (p* = 11.0, 0 = 17.5): Dominant influence consistent with grain size
controlling diffusion length scales and grain boundary area. High ¢ indicates strong
nonlinear effects and interactions with transport parameters.

2. Saturation Coverage (u* = 7.3, 0 = 13.4): Controls grain boundary venting onset,
consistent with Chapter 5 finding that coverage threshold affects venting activation.
Moderate o reflects interaction with gas supply mechanisms.

3. Dislocation Trap Z (u* = 6.6, 0 = 12.4): Controls dislocation line trapping strength,
confirming Chapter 5 identification of intragranular trapping as first bottleneck in two-
stage gas transport limitation.

4. Effective Diffusion Coefficient Scale Factor (p* = 9.8, 0 = 9.1): Scales intragran-
ular gas diffusion, confirming matrix diffusion as second bottleneck (Section 5.5.5).

5. Dislocation Density (u* = 6.1, 0 = 9.7): Controls trapping site density and bubble
nucleation, with sensitivity confirming dislocation trapping mechanism importance.

6. Resolution Scale Factor (pu* = 4.0, ¢ = 6.6): Scales bubble resolution rates.
Chapter 5 demonstrated that 10x resolution enhancement is required to overcome
trapping bottleneck, validating strong sensitivity.

7. Trapping Scale Factor (u* = 2.7, 0 = 6.3): Scales intragranular bubble trapping
rates. Strong sensitivity validates Chapter 5 finding that 0.1x trapping reduction is
required for sustained release.
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8. Intra-granular Diffusion Coefficient (u* = 2.5, 0 = 6.2): Scales Xe and vacancy
diffusion rates. Strong sensitivity validates Chapter 5 finding that 10x diffusion
increase is required for sustained release.

9. Vacancy GB Diffusivity Multiplier (u* = 2.31, 0 = 5.6): Scales grain boundary
vacancy diffusion. Moderate sensitivity consistent with Section 5.5.2 finding that
enhanced GB diffusion improves gas coverage accumulation.

Figure 6.1 presents parameter importance ranked by up*. The top eight parameters
maintain consistent ranking across all operating conditions, confirming that parameter
importance is regime-independent despite regime-dependent model response identified in
Chapter 5. This consistency shows that the same physical mechanisms, trapping, diffusion,
and grain boundary saturation, control fission gas release in each regime. What differs
between regimes is not which parameters matter but which values of those parameters
best describe the data. That distinction is central to the Bayesian calibration strategy
in Chapter 7.
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Figure 6.1: Fission gas release parameter importance ranked by p*. Results colored by
temperature (left), power density (center), and burnup (right).

Comparing sensitivity results with Chapter 5 parametric findings reveals excellent
consistency:

e Trapping-Diffusion Coupling: Dislocation Trap Z and Effective Diffusion Coef-
ficient (p* = 9.8) both exhibit strong influence, validating the two-stage bottleneck
mechanism where both parameters must be adjusted simultaneously (Section 5.5.6).
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e Resolution Importance: Resolution Scale Factor ranks among top parameters,
confirming Chapter 5 finding that resolution enhancement is critical for sustained
release.

e Saturation Coverage: Saturation Coverage exhibits high sensitivity despite Chap-
ter 5 finding that coverage adjustment alone produced minimal improvement. This
apparent contradiction reflects that coverage threshold strongly influences onset timing
(high sensitivity) but cannot overcome gas supply limitation (low parametric improve-
ment).

e Grain Radius Dominance: Grain radius exhibits highest sensitivity, validating its
role in controlling diffusion length scales. However, grain radius is microstructurally
constrained (measured 7.5 pm in SNAP-50 fuel [13]), not a calibration parameter.

Table 6.1: Summary of top parameters for fission gas release based on mean and maximum
values of ©* and o

Parameter Display Mean 1 Max p* Mean 0 Max o
Grain Radius 11.0 24.2 17.5 30.9
Sat. Coverage 7.3 10.6 13.4 16.9
Dis. Trap Z-factor 6.6 12.2 12.4 18.7
Dis. Density 4.0 8.0 9.7 16.5
Resolution Scalar 3.6 5.1 6.6 8.1
Trapping Scalar 2.7 4.0 6.3 8.5
Intra. Diff. Coeft. Scalar 2.5 3.9 6.2 8.6
Vac. GB Diff. Multiplier 2.3 4.0 5.6 9.6
Surface Energy 1.8 3.6 4.3 8.7
Fractional Yield 1.5 2.6 3.7 5.9
Nucleation Rate Scalar 1.2 1.8 3.3 4.4
Trapping SScalar (Dis. Line) 0.8 1.9 3.6 7.1
Resolution Scalar (Dis.) 0.8 2.1 3.6 6.7
Trapping Scalar (Dis.) 0.2 0.6 0.9 2.0

6.3 Volumetric Swelling Sensitivity

Figure 6.2 presents Morris sensitivity metrics for volumetric swelling predictions. The
sensitivity validates the multi-objective validation finding that swelling predictions remain
accurate across all parameter variations tested, including aggressive combined optimization
that produced 40x fission gas release overcorrection. In other words, the model can distort
the release pathway dramatically before volumetric swelling moves outside experimental
uncertainty. Lower parameter sensitivity for swelling indicates that local fission product
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accommodation (bubble size distributions, intragranular porosity) is less sensitive to
transport parameter uncertainties than long-range gas transport to grain boundaries.

Parameter ranking as seen in Table 6.2 for swelling closely parallels fission gas release
ranking, with trapping, resolution and diffusion occupying the top positions for both outputs.
Figure 6.2 confirms consistent parameter importance across operating conditions, with no
systematic variation in sensitivity with temperature, power density, or burnup.

Table 6.2: Summary of top parameters for swelling based on mean and maximum values of
w* and o

Parameter Display Mean i+ Max p* Mean 0 Max o
Grain Radius 6.3 15.1 10.7 25.8
Sat. Coverage 4.2 11.7 6.9 18.0
Dis. Trap Z-factor 3.3 5.5 7.2 12.1
Dis. Density 3.0 5.1 7.9 14.9
Fractional Yield 2.8 3.9 3.1 4.6
Intra. Diff. Coeft. Scalar 1.7 2.3 2.9 4.4
Vac. GB Diff. Multiplier 1.4 2.6 2.9 5.4
Surface Energy 1.4 2.3 2.5 3.9
Resolution Scalar 1.1 1.8 1.9 3.1
Trapping Scalar 1.0 1.4 1.6 2.5
Resolution Scalar (Dis.) 0.8 1.5 2.6 5.6
Trapping SScalar (Dis. Line) 0.6 1.0 2.0 4.0
Nucleation Rate Scalar 0.4 0.7 0.9 1.8
Trapping Scalar (Dis.) 0.1 0.2 0.4 0.7

6.4 Parameter Selection for Bayesian Calibration

Based on sensitivity analysis results and physical considerations from Chapter 5, 14
parameters were selected for a full Bayesian analysis (seen in Tables 6.1 and 6.2.

These 14 parameters correspond directly to the mechanistic bottlenecks identified in
Chapter 5. Trapping strength and site density (Dislocation Trap Z, Trapping Scale Factor,
Dislocation Density) govern the first stage of the transport pathway, where gas leaves
the matrix and is captured in intragranular features. Intragranular diffusion coefficients
control migration through the matrix. Grain boundary vacancy diffusivity sets the rate at
which gas accumulates along boundaries once it reaches the grain edge. Resolution Scale
Factor allows trapped gas to re-enter the mobile population, while Saturation Coverage
regulates the onset of interconnected grain boundary networks and venting. This parameter
subset enables regime-specific calibration (Chapter 7) where optimal values vary between the
three identified regimes (low-burnup, high-temperature, and high-burnup) while maintaining
physical mechanism consistency.
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Figure 6.2: Volumetric swelling parameter importance ranked by p*. Results colored by
temperature (left), power density (center), and burnup (right).

6.5 Summary

Global sensitivity analysis using the Morris Elementary Effects method quantified
parameter importance for fission gas release and volumetric swelling predictions across the
SNAP-50 experimental database. In the context of the overall dissertation, this chapter
serves as the quantitative link between the diagnostic model evaluation in Chapter 5 and
the Bayesian calibration and uncertainty quantification in Chapter 7.

Key findings from the global sensitivity analysis can be summarized as follows. The
same 14 parameters dominate fission gas release sensitivity across the entire operating
space, which spans temperatures from 1200 to 1750 K, burnups from 0.3 to 4.6% FIMA,
and power densities from 0.3 to 1.5 kW/cc, confirming that the importance of the
underlying mechanisms is regime-independent despite regime-dependent optimal parameter
values identified in Chapter 5. The high sensitivity of trapping parameters, diffusion
coefficients, and the resolution validates the two-stage bottleneck mechanism and confirms
that simultaneous adjustment of multiple parameters is required for sustained release.
Volumetric swelling exhibits a compressed sensitivity structure relative to fission gas release,
with g, ~ 15 compared to pu .. ~ 24 for FGR, demonstrating that local accommodation
is less sensitive than long-range transport. Several parameters exhibit ¢ ~ p*, indicating
strong nonlinear effects and parameter interactions, which motivates the Bayesian calibration
framework in Chapter 7 that quantifies parameter correlations through posterior covariance
structure.
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The sensitivity results therefore do more than rank parameters. They define a reduced but
physically meaningful calibration space and show where correlations and trade-offs must be
expected in the posterior distributions. The 14 parameters identified here proceed to regime-
stratified Bayesian calibration in Chapter 7, where optimal values are estimated separately
for the three burnup regimes identified in Chapter 5. This approach enables quantification of
regime-dependent parameter evolution while maintaining computational tractability through
dimensionality reduction from 22 to 14 calibration parameters.
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Chapter 7

Uncertainty Quantification and
Bayesian Calibration

7.1 Introduction and Scientific Motivation

Computational models of physical systems inherently contain uncertainty across multiple
dimensions. Parameters governing material behavior cannot be measured directly under
operating conditions. Numerical approximations introduce discretization error. Boundary
conditions and initial states reflect limited observational resolution. The accumulated
effect of these uncertainties produces predictions that carry substantial confidence intervals,
restricting the utility of mechanistic models for engineering decision-making and regulatory
assessment.

Uncertainty quantification provides a formal framework for identifying, characterizing,
and propagating these uncertainties through computational models. Rather than treating
model outputs as deterministic point estimates, UQ methods recognize that both model
inputs and structural limitations generate distributions of plausible outcomes. This prob-
abilistic perspective transforms mechanistic models from prediction tools into confidence-
bounding tools, enabling designers to understand not only what a model predicts but also
the range of confidence warranted by available information.

For mechanistic fuel performance models such as BISON, this distinction proves critical.
Sensitivity analysis identified that the UN swelling and fission gas release model contains
approximately 14 uncertain parameters spanning a wide range of mechanistic influence.
These parameters control predicted fission gas release and swelling through coupled nonlinear
physics across scales ranging from atomic diffusion to centimeter-scale pellet behavior. Direct
experimental measurements of many of these parameters are limited or remain infeasible.
Instead, observable quantities like fission gas release and swelling measured from irradiation
experiments may constrain parameter values inversely through the model structure.

This inverse relationship creates two distinct but complementary UQ problems. Forward
uncertainty quantification propagates parameter uncertainties through the mechanistic
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model to generate predicted distributions of observable quantities. By identifying which
parameters most strongly influence fission gas release and swelling predictions, forward
UQ reveals where experimental efforts should focus to reduce predictive uncertainty most
efficiently.

Inverse uncertainty quantification reverses this direction. Given experimental measure-
ments of fission gas release and swelling, inverse UQ) estimates probability distributions
for the model parameters themselves. This calibration process updates prior beliefs about
parameter values using the information content of experimental data. The posterior distribu-
tions resulting from inverse UQ quantify remaining parameter uncertainty after accounting
for what experiments reveal. These posterior distributions then propagate forward through
the model to generate realistic prediction bounds that reflect both parameter uncertainty
and model structural limitations.

The mechanistic UN swelling and fission gas release model integrated into BISON requires
inverse calibration against historical UN irradiation data spanning multiple burnup levels and
temperatures. This calibration challenge reduces to a high-dimensional parameter inference
problem constrained by expensive forward model evaluations. Each BISON simulation
requires 10 to 30 minutes of computational time. Rigorous parameter calibration through
direct sampling methods demands thousands to tens of thousands of model evaluations
to achieve adequate posterior convergence in 14-dimensional parameter space. Standard
Bayesian methods applied directly to the full BISON model would therefore require 100
500 days of dedicated computing resources per calibration attempt, rendering the approach
impractical for nearly all applications.

This computational bottleneck necessitates acceleration through surrogate modeling.
Gaussian Process surrogate models trained on a Latin Hypercube sampling design of
BISON simulations provide fast approximations to full model outputs while quantifying
approximation uncertainty. By replacing expensive BISON evaluations with trained
surrogates during Bayesian parameter inference, computational demands reduce from weeks
to hours while maintaining statistical rigor through explicit treatment of surrogate prediction
uncertainty in the likelihood function.

The present chapter documents a complete inverse uncertainty quantification workflow
for the UN swelling and fission gas release model. Initial investigations into direct
MCMC inference using the INL MOOSE Stochastic Tools framework were undertaken
to understand computational requirements for the 14-dimensional parameter estimation
problem. Development of multi-observable extensions to the framework, including AIE
sampler architecture modifications and multi-variable likelihood formulations, revealed
that computational costs remained prohibitive despite algorithmic optimization and HPC
parallelization. As documented in Appendix A, the direct MCMC approach required
approximately 95 core-days of computing resources per iteration, necessitating 400 to
800 days of continuous computing for adequate posterior convergence. This fundamental
computational barrier motivated the transition to surrogate-based acceleration.

Development of the direct INL framework provided essential insights into multi-variable
likelihood structures, variance parameter handling, and ensemble sampling that directly
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informed surrogate-accelerated calibration design. Gaussian Process emulators trained on
a Latin Hypercube sampling design across the 14-dimensional parameter space provide
millisecond-scale predictions with quantified approximation uncertainty. By replacing
expensive full-model evaluations with surrogate predictions during MCMC sampling,
computational demands reduce dramatically while maintaining Bayesian statistical rigor
through explicit treatment of surrogate approximation error in the likelihood.

Surrogate-model-accelerated MCMC enables systematic exploration of parameter space:
Latin Hypercube sampling with 2,100 BISON evaluations provides far denser coverage of
the 14-dimensional parameter space than sequential MCMC chains could achieve. This
comprehensive sampling reveals the full structure of the parameter-to-output mapping,
including nonlinearities and regime-dependent interactions that sequential MCMC chains
might never discover within practical computational budgets. Multi-chain No-U-Turn
Sampler (NUTS) sampling with eight independent chains generates posterior parameter
distributions accounting for regime-dependent mechanistic complexity. Regime analysis
partitions the parameter space into coherent subsets where model behavior remains
stable. Finally, forward uncertainty propagation using posterior samples produces realistic
prediction distributions incorporating both calibrated parameter uncertainty and persistent
epistemic model limitations inherent to mechanistic fuel performance models.

This framework transforms inverse UQ) from a computationally intractable problem into
one that is achievable within practical timescales while maintaining statistical defensibility.
The resulting posterior parameter distributions quantify mechanistic model uncertainty,
supporting improved predictive accuracy for accelerated fuel qualification assessments and
guiding targeted experimental efforts to constrain parameters that remain poorly identified
by existing data.

7.2 Bayesian Inference and MCMC Theory

Bayesian inference provides a rigorous probabilistic framework for updating beliefs
about model parameters in light of observational data. Rather than seeking a single
point estimate of parameters, Bayesian methods produce full probability distributions
that quantify parameter uncertainty while accounting for both data constraints and prior
knowledge. This distribution-based approach proves particularly valuable for expensive
computational models where each evaluation demands significant computing resources.

The foundation of Bayesian inference is the Bayes’ theorem, which relates the posterior
distribution (updated parameter beliefs after observing data) to three foundational quantities
[72].  The prior distribution p(€) encodes initial beliefs about parameter values before
experiments are conducted. The likelihood function p(d | 6) quantifies how well a given
parameter set reproduces observed experimental data. Bayes’ theorem combines these
through
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p(d | 6)p(6)

p(d)
where the posterior p(€ | d) represents the updated parameter distribution after assimilating
experimental observations. The denominator p(d), called the model evidence, represents a
normalization constant that typically cannot be computed analytically for high-dimensional
problems.

For fuel performance modeling, the posterior distribution enables answering questions
such as the following. Given measured swelling of 4.5% and fission gas release of 0.08%
at 1.16% burnup, what values of dislocation density, diffusivity, and creep parameters are
most consistent with these observations? The posterior p(@ | d) provides not a single answer
but a probability distribution over the 14-dimensional parameter space, with high probability
density in regions where parameter combinations reproduce observations and low probability
density where predictions deviate substantially from data.

Direct evaluation of the posterior distribution proves intractable when parameters number
more than a handful because the integration required to compute the evidence demands
evaluating the likelihood across the entire parameter space. MCMC methods circumvent this
analytical barrier by generating samples that asymptotically follow the posterior distribution
without explicitly computing the evidence. By constructing a Markov chain where each state
represents a parameter proposal and transition probabilities depend only on the current
state and the likelihood function, MCMC algorithms produce a sequence of samples whose
empirical distribution converges to the true posterior.

The essential requirement for MCMC validity is that transitions satisfy detailed balance,
ensuring that the chain’s stationary distribution equals the posterior. Different MCMC
samplers achieve this through different proposal mechanisms. Metropolis-Hastings samplers
[73] propose candidate parameter values and accept or reject them based on a likelihood ratio
test. Modern samplers such as the NUTS [74] employ Hamiltonian dynamics to generate
proposals that explore parameter space more efficiently, particularly in high-dimensional
settings.

For parameter inference in fuel performance models, MCMC methods prove essential
because they enable rigorous treatment of high-dimensional uncertainty. Evaluating all 14
uncertain parameters and their correlations through classical experimental design would
require thousands of dedicated irradiation experiments. MCMC instead leverages the
information content in existing historical data by computing the likelihood at each proposed
parameter configuration and accepting or rejecting proposals based on agreement with
observations. Over many iterations, the chain converges to regions where model predictions
align with data, producing posterior samples that quantify remaining parameter uncertainty
after accounting for all experimental constraints.

p(0|d) = (7.1)
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7.3 Surrogate-Accelerated Bayesian Inference
Framework

7.3.1 Motivation and Computational Challenge

Initial investigations into direct Bayesian calibration employed the INL. MOOSE Stochas-
tic Tools framework to establish a baseline understanding of computational requirements for
the 14-dimensional parameter estimation problem. These exploratory efforts, detailed fully
in Appendix A, implemented an Affine Invariant Ensemble sampler with multi-observable
likelihood extensions. While the framework demonstrated algorithmic soundness and proper
treatment of multi-variable observations, computational performance rapidly became pro-
hibitive. The extended framework was deployed on a high-performance computing cluster
with 28 walkers operating in parallel across 336 cores total. Each BISON simulation re-
quired 10 to 30 minutes depending on burnup and temperature conditions, with significant
variability arising from nonlinear solver convergence behavior at extreme burnup values.
Over a 7-day maximum-allocation continuous run, the framework completed approximately
400 iterations of the AIE sampler, corresponding to approximately 95 core-days of comput-
ing resources per MCMC iteration. This computational investment extrapolates to 400 to
800 days of dedicated computing resources to achieve adequate posterior convergence in 14-
dimensional parameter space, with convergence requiring 5,000 to 10,000 iterations per chain
to reach stationarity and explore the full posterior support with reliable quantile estimates.

This fundamental computational barrier stems not from algorithmic deficiency (the
extended Bayesian theory is rigorous, the ensemble MCMC implementation is sound, and
the multi-variable architecture is properly validated) but rather from the inherent expense
of mechanistic modeling. Each model evaluation involves solving coupled nonlinear PDEs
across 2D fuel pin geometry with temperature-dependent properties and state-dependent
source terms. While advanced implicit solvers and HPC parallelization have reduced
individual evaluation time to 10 to 30 minutes, this fundamental limitation renders direct
inference impractical.

Parameter dimensionality reduction through fixing insensitive parameters would discard
potentially informative physics, biasing posteriors away from experimental constraints.
Crude approximations to BISON through reduced geometry or simplified physics would
compromise mechanistic rigor that motivates expensive forward modeling in the first place.

Instead, computational acceleration was achieved through surrogate modeling, a math-
ematically principled approach that maintains Bayesian validity while achieving three to
four orders of magnitude speedup. Development of the direct INL framework, while ulti-
mately superseded by surrogate acceleration, provided essential insights into multi-variable
likelihood structures, variance parameter handling, and ensemble sampling that directly in-
formed surrogate-accelerated calibration design. Rather than continuing with expensive BI-
SON simulations, Gaussian Process emulators trained on a Latin Hypercube sampling design
of BISON simulations provide millisecond-scale predictions with quantified uncertainty. By
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replacing expensive full-model evaluations with surrogate predictions during MCMC sam-
pling, computational demands reduce dramatically while maintaining Bayesian statistical
rigor through explicit treatment of surrogate approximation error in the likelihood.

The transition from direct BISON-coupled MCMC to surrogate-accelerated inference
represents more than computational expediency. Surrogate modeling enables systematic
exploration of parameter space that would be impossible via direct coupling: Latin
Hypercube sampling with 2,100 evaluations provides far denser coverage of the 14-
dimensional parameter space than MCMC’s 400 sequential evaluations. This comprehensive
sampling not only trains accurate emulators but also reveals the full structure of the
parameter-to-output mapping, including nonlinearities and interactions that sequential
MCMC chains might never discover within practical computational budgets.

7.4 Surrogate Model Development

7.4.1 Design of Experiments and Training Data

The surrogate development pipeline began with systematic exploration of the mechanistic
model across the 14-dimensional parameter space via Latin Hypercube sampling (LHS). LHS
provides space-filling properties superior to naive random sampling, ensuring that parameter
combinations explore the full feasible region rather than clustering near prior means. An
initial LHS design generated 2,100 samples uniformly distributed in normalized parameter
space € € [0,1]', transformed to physical parameter ranges reflecting three distinct scaling
strategies corresponding to different sources of parameter uncertainty.

The LHS design was evaluated across nine experimental test conditions drawn from the
SNAP-50 UN irradiation database: ORNL specimens 602, 603, 658, 662, 664, 667, 669, and
665, and CANEL specimens 602, 603, and 220. Each test encompasses three axial fuel pin
positions (bottom, middle, top) where swelling and fission gas release were measured. The
choice of multiple test cases reflects the reality that fuel model parameters must produce
predictions consistent across diverse burnup levels (0.6 to 4.6 %FIMA), temperatures (1200
to 1800 K), and power densities (0.2 to 1.5 kW/cc), each representing distinct physical
regimes within irradiation experiments.

The raw LHS-based simulation data contained numerical artifacts arising from occasional
BISON convergence difficulties or parameter combinations far outside the physically relevant
regime. Outlier detection and removal proceeded via an interquartile range (IQR) method
applied to the maximum value observed across axial positions for each observable. Statistical
outliers (defined as values exceeding Q3 + 2.5 x IQR) were excluded from surrogate training.
This outlier removal strategy successfully eliminated approximately 5 to 15% of samples
per test case while preserving the core distribution of physically meaningful outputs and
maintaining 99% of the dynamic range in parameter values.
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7.4.2 Gaussian Process Surrogate Specification

Gaussian Process (GP) surrogates model the relationship between normalized parameters
¢ € R and BISON predictions y(£) € R as a realization from a Gaussian process. The
covariance function determines smoothness and length-scale structures captured by the
surrogate

Cov[y(€),y(€)] = k(€. € ) + 070(€ — &), (7.2)

where k is the kernel function, o2 represents observational noise and ¢ denotes kernel

hyperparameters. Three kernel families were systematically compared: the Matérn 3/2
kernel, the Matérn 5/2 kernel, and the Exponential Quadratic (RBF) kernel. Matérn kernels
are particularly well-suited to fuel performance modeling because their finite smoothness
(Matérn v = 3/2,5/2) appropriately reflects the nonlinear, sometimes non-smooth responses
of complex mechanistic models. RBF kernels assume infinite smoothness inappropriate
for fuel performance predictions, and comparison studies confirmed that Matérn kernels
outperformed RBF approaches across all test conditions.

The choice between Matérn and RBF kernels carries physical implications for fuel
performance modeling. RBF kernels assume infinitely differentiable functions, implying that
small parameter changes always produce smooth, gradual output changes. This assumption
fails for fuel performance models where threshold phenomena exist. For example, the
transition from closed to interconnected porosity occurs abruptly as swelling exceeds critical
values. Matérn kernels with finite smoothness (v = 3/2,5/2) permit the surrogate to capture
these transitions through piecewise-smooth behavior, making them more appropriate for
mechanistic models with distinct physical regimes.

Kernel hyperparameters (length scales £ € R, signal variance 1, and noise variance
o,) were inferred via Maximum A Posteriori (MAP) estimation of the marginal likelihood.
Two gradient-based optimization algorithms were compared: L-BFGS-B (limited-memory
BFGS with box constraints) for computational efficiency and Powell’s derivative-free method
for robustness when L-BFGS-B converged to poor local optima. For each surrogate, both
optimizers and all three kernels were executed independently, and the result yielding the
higher test-set R? (coefficient of determination) was retained. R? defines the the overall
accuracy of the predicted surrogate outputs compared to the known experimental data,
providing an overall prediction quality. Therefore this dual-optimizer strategy balanced
efficiency with reliability.

The output space transformation proved essential for numerical stability and improved
surrogate accuracy. Both swelling and fission gas release exhibit heteroscedastic behavior
with output uncertainty and derivatives varying by orders of magnitude across the parameter
space. Adaptive log-transformation with shift parameters handled zero and near-zero values
appropriately

Yog = 1Og(yphys + A)u (73)



CHAPTER 7. UQ AND BAYESIAN CALIBRATION 117

where the shift A was chosen adaptively per quantity to prevent ill-conditioning near zero.
This transformation reduced heteroscedasticity, improved Gaussian assumptions, automat-
ically handled the zero-inflated fission gas release distribution, and enabled symmetric un-
certainty bands in physical space when inverted.

7.4.3 Surrogate Training and Accuracy Validation

Training of 54 independent surrogates proceeded with a 75% / 25% train/test split
(approximately 1500 training and 500 test samples per surrogate), ensuring reliable unbiased
accuracy estimates on held-out data. Performance metrics across the surrogate ensemble
demonstrate excellent accuracy suitable for MCMC acceleration. Swelling surrogates
consistently achieved mean R? of 0.88, reflecting the physically deterministic nature of
irradiation-induced void swelling. Fission gas release surrogates showed greater variability
(mean R? of 0.84, range 0.74-0.91) reflecting the inherent stochasticity of bubble nucleation,
coalescence, and release. Mean absolute error in log-space were 0.13% for swelling and 0.35%
for fission gas release, small compared to experimental observations typically spanning 1 to
7% for swelling and 0.01 to 12% for fission gas release.

Prediction accuracy is quantified by R? and mean absolute error (MAE), where MAE is
described by the following Equation 7.4:

1<~
MAE = — > ldk = uil (7.4)
k=1

where ¢ is the posterior predictive mean and yy is the observation for location k. Surrogate
uncertainty calibration proves critical for Bayesian inference. An accurate surrogate that
underestimates its own uncertainty will induce artificially narrow posteriors, producing
overconfident parameter estimates and misleading credible intervals. Conversely, excessive
conservatism in uncertainty estimates dilutes the information content of experimental
data, preventing the posterior from concentrating near parameter values that reproduce
observations.

7.4.3.1 Empirical Uncertainty Calibration

This section directly addresses the challenge through ensuring that surrogate-predicted
uncertainty intervals achieve nominal 95% coverage on validation data, guaranteeing that
the surrogate’s self-assessment of approximation error is neither optimistic nor excessively
pessimistic.

Adaptive observational noise variance estimation, where the noise term o2 was inferred
rather than fixed, proved essential for accurate predictions. Nonadaptive noise assumptions
led to systematic underfitting when local model variance differed from global assumptions.
The learned noise parameters provide realistic estimates of surrogate prediction uncertainty
suitable for Bayesian likelihood formulations. Beyond point predictions, GP surrogates
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provide posterior predictive uncertainties reflecting both aleatory uncertainty (intrinsic
variability in model predictions) and epistemic uncertainty (knowledge limitations from finite
training data).

Surrogate predictions must account for systematic biases and miscalibration of predictive
uncertainties. Calibration inflation factors were computed from test-set residuals to ensure
empirically correct coverage. The standardized residuals on test data were computed as

g e

o(&)
where p(&;) and o(§;) are the GP posterior mean and standard deviation. For a well-
calibrated surrogate, these residuals should follow AN(0,1). The standard deviation of

standardized residuals,
o= [ (7.6)
Ntest i v

quantifies miscalibration. Recommended inflation factors are computed as max(1.0,0,).
Across the 54 surrogates (9 tests x 3 positions x 2 quantities), median calibration inflation
was 1.1 to 1.3, indicating systematic modest underestimation of GP uncertainty. This
underestimation is expected when GPs are trained on BISON output affected by numerical
approximation errors, and the empirically-determined inflation factors ensure valid posterior
credible regions.

(7.5)

24

7.5 MCMC Calibration: Methodology, Convergence,
and Parameter Uncertainty

7.5.1 Surrogate-Based Likelihood and MCMC Architecture

The Gaussian Process surrogates developed in Section 7.4 provide fast approximations
to BISON outputs across the 14-dimensional normalized parameter space. For each
experimental test position and each observable quantity (swelling and fission gas release), an
independent GP surrogate maps parameter vectors &€ € [0, 1]!* to log-transformed predictions
through a posterior predictive distribution accounting for both epistemic uncertainty from
finite training data and approximation error from kernel specification.

The surrogate-based likelihood function explicitly accounts for both surrogate approxi-
mation uncertainty (varying spatially across parameter space based on distance to training
data) and experimental measurement uncertainty (constant across parameter space but po-
tentially observable-specific). This formulation maintains Bayesian validity by propagating
surrogate uncertainty through the likelihood rather than treating surrogate means as de-
terministic BISON replacements. Calibration inflation factors computed from validation
data ensure that surrogate uncertainty estimates achieve nominal 95% coverage on held-out
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test sets, preventing artificially narrow posteriors that would result from underestimating
approximation error.

The critical insight enabling surrogate-accelerated MCMC is that the GP predictive
variance aép(ﬁ*) quantifies approximation uncertainty at any parameter configuration. This
variance increases in regions far from training data and decreases near densely sampled
areas, providing a spatially-varying confidence estimate for surrogate predictions. Rather
than treating the GP mean pugp as a deterministic BISON replacement, the full predictive
distribution must be propagated through the likelihood to avoid artificially narrow posteriors
and overconfident parameter estimates.

7.5.2 No-U-Turn Sampler Selection and High-Dimensional
Efficiency

The choice of MCMC algorithm profoundly affects computational efficiency, posterior
convergence, and practical feasibility for high-dimensional calibration problems. The No-U-
Turn Sampler (NUTS), a gradient-based algorithm implementing Hamiltonian Monte Carlo
with automatic trajectory length adaptation, was selected for its exceptional performance
in 14-dimensional parameter spaces. NUTS leverages gradient information from the log-
posterior to propose distant parameter configurations that maintain acceptance probabilities
of 60-90%, compared to < 1% for random-walk methods. Automatic tuning during warm-up
eliminates the need for manual step size selection, and the U-turn criterion automatically
terminates trajectories when they begin retracing explored parameter space, preventing
wasted computation from excessively long proposals.

For surrogate-based likelihoods where gradient evaluations are fast (milliseconds per
evaluation), NUTS explores the posterior 100 to 1,000 times more efficiently than gradient-
free methods. Multi-chain NUTS sampling with eight independent chains ensures robust
convergence assessment through Gelman-Rubin diagnostics, enabling identification of any
chains that fail to mix properly. This parallelizable structure permits efficient use of HPC
resources to achieve convergence in practical timescales (hours rather than weeks).

7.5.3 Prior Distribution Specification and Experimental
Uncertainty

Prior distributions encode initial beliefs about parameter values before assimilating
experimental data. For the UN fuel model, prior specification reflects the principle that
sufficient experimental data exists to allow the likelihood to dominate posterior formation
without strong prior constraints. All model parameters received uniform priors on the
normalized interval p(¢;) = Uniform(0,1) for all i = 1,..., 14, where normalization ensures
that all parameters are treated symmetrically in the NUTS algorithm. This maximum-
entropy specification imposes no structure beyond the parameter bounds themselves,
reflecting weak prior information about parameter values.
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The experimental noise parameters Oexpswell aNd Oexpger Teceived half-normal priors
P(0exp) = HalfNormal(o = 0.05), reflecting the expectation that measurement uncertainties
are positive and concentrated near small values. This prior remains weakly informative
because the data likelihood strongly constrains noise parameters when residuals between
predictions and observations exhibit systematic structure. Posterior samples show that
Texpswenl Settled near the prior mode (mean posterior approximately 0.06), while Texp for
adjusted upward (mean posterior approximately 0.12-0.18 depending on regime), reflecting
the greater stochasticity in fission gas release measurements.

7.5.4 Convergence Diagnostics Validating MCMC Stationarity

Ensuring posterior convergence is critical for valid statistical inference. MCMC samplers
generate correlated samples that only asymptotically follow the true posterior; premature
termination produces biased parameter estimates and underestimated uncertainties. Rig-
orous convergence assessment employs multiple complementary diagnostics that collectively
verify stationarity, adequate mixing, and exploration of the full posterior support.

The Gelman-Rubin R diagnostic compares between-chain variance to within-chain
variance such that values R < 1.01 indicate convergence where all chains have reached
the same distribution. For all successful calibrations, R < 1.05 for every parameter and
experimental noise parameter, with R < 1.01 for the 11-parameter configuration across all
mechanistic tests.

Effective sample size (ESS) quantifies the reduction in independence due to autocorrela-
tion, with ESS > 1,000 generally considered adequate for reliable posterior quantiles. All
converged calibrations achieved ESS > 1,500 for dominant parameters (those with Morris
p* > 1.0) and ESS > 500 for less influential parameters, reflecting NUTS’s efficient explo-
ration via gradient-guided proposals.

Visual inspection of trace plots confirms that chains mix well and explore the full pos-
terior support without getting trapped in local modes. Well-mixed chains exhibit a “fuzzy
caterpillar” appearance with no apparent trends, drifts, or abrupt transitions. Divergence
statistics (NUTS-specific diagnostics identifying numerical issues during Hamiltonian tra-
jectory integration) remained below 0.5% across all successful calibrations, confirming that
NUTS effectively navigated the 14-dimensional posterior without numerical instabilities.

7.6 Prior Refinement Through Mechanistic Guidance
and Regime-Stratified Calibration

7.6.1 Prior Specification Strategy: From Uninformed to
Mechanistically-Guided

Bayesian inference requires specification of prior distributions encoding initial beliefs
about parameter values before observing experimental data. For high-dimensional problems
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where data provide strong constraints relative to prior uncertainty, prior selection proves
less critical to posterior formation than in weakly-informed regimes. However, the strategic
incorporation of mechanistic knowledge through prior specification can substantially improve
MCMC convergence and sampler efficiency, particularly when exploring high-dimensional
parameter spaces where naive uniform priors may leave the sampler to wander through
physically implausible regions.

The present calibration employs a two-tier prior specification strategy. The baseline
approach assigns uniform priors to all 14 mechanistic parameters, reflecting maximum-
entropy assumptions where knowledge remains genuinely uncertain. A refined approach
incorporates mechanistic guidance from Chapter 5 parametric studies and physical literature
to specify more informative prior distributions for parameters where physical understanding
permits reasonable constraints. Chapter 5 investigations revealed that fission gas release
favored scaled down trapping mechanisms, with scaled up resolution and diffusion, for
example. Literature bounds on fractional yield strength and surface energy, drawn
from independent uranium characterization studies, provide additional prior guidance.
Parameters without strong mechanistic constraints or literature support retain uniform
priors, reflecting epistemic uncertainty appropriate to the current state of knowledge.

Where strong literature values provide sufficient information, a normal distribution was
applied. When setting a prior based on Chapter 5, a weakly informed beta function
shifted towards the domain of success was implemented. All other parameters were set
with a uniform distribution. This hybrid prior specification maintains Bayesian validity
(the likelihood dominates posterior formation in well-constrained regimes) while leveraging
available mechanistic information to regularize parameter exploration in poorly-constrained
directions. The refinement strategy improves MCMC efficiency without imposing artificial
constraints that would bias posteriors away from experimental evidence.

7.6.1.1 Regime Definitions and Experimental Coverage

Table 7.1 summarizes the five calibration regimes from Chapter 5, listing specimens
included in each partition, their operational ranges, and the number of experimental
observations available per regime.

Table 7.1: MCMC calibration regimes with experimental coverage and operating ranges.

Regime Specimens Temperature (K) Burnup (%FIMA)
Test a 220 1561-1714 0.95
Test b 602, 603, 658, 662, 664, 669 1213-1503 0.54-2.72
Test ¢ 658, 662, 667 1388-1523 0.78-1.16
Test d 602, 603, 658, 662, 664 1269-1523 0.54-1.08
Test e 665 1323-1426 4.58

The primary calibration regime (Test d: Low-Temperature, Low-Burnup) encompasses 17
experimental observations across six specimens spanning temperatures from 1213 K to 1503
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K and burnup from 0.54%FIMA to 1.08%FIMA. This regime aggregates data representing
conditions where the mechanistic model was developed and where physical understanding of
void swelling and fission gas migration mechanisms is most mature.

Three secondary regimes partition the experimental space to isolate regime-specific
effects. Test a (High-Temperature) isolates specimen 220 (temperatures 1561-1714 K,
0.95%FIMA burnup), representing anomalously high temperatures where fuel microstructure
transitions and diffusion mechanisms may differ from lower-temperature regimes. Test e
(High-Burnup) isolates specimen 665 (4.58%FIMA, temperatures 1323-1426 K), representing
high fission gas inventory conditions where bubble coalescence and interlinkage phenomena
may dominate swelling behavior. Test b is simlar to low-temperature, low-burnup but
includes specimen 669 from the primary regime to test sensitivity of parameter posteriors
to inclusion of the higher-burnup specimen within the nominally low-burnup category. Test
669 was on the edge of the regime identification performed earlier and therfore warrants
investigation. Test c¢ represents a combined high-temperature, high-burnup partition
including specimens 658, 662, and 667 to assess whether moderate-temperature, moderate-
to-high burnup conditions show distinct mechanistic behavior. This was the outlier regime

that showed increased grain boundary coverage and fission gas release when temperatures
increased above 1485K and burnup of ~ 1% F 1M A.

7.6.2 Impact of Prior Refinement on MCMC Convergence

To quantify the benefits of mechanistically-informed priors, MCMC calibration was
performed with both uninformed (uniform) and informed (Chapter 5 and literature-guided)
prior specifications across multiple experimental regimes. Convergence diagnostics reveal the
systematic impact of prior refinement on sampler behavior and posterior reliability.

Figure 7.1 illustrates convergence metrics across the calibration regimes. With uniform
priors, several parameters exhibit R values exceeding 1.01, indicating incomplete conver-
gence, particularly in temperature-extreme regimes where data scarcity prevents the likeli-
hood from fully constraining parameter space. ESS values remain moderate (5,000 to 15,000),
reflecting less efficient exploration. By contrast, informed priors systematically improve con-
vergence: R<1.01 universally across all mechanistic parameters in the primary calibration
domains, and ESS increases to 15,000 to 25,000, indicating that informed priors guide the
sampler to high-probability regions more directly. This convergence improvement stems from
priors concentrating prior mass near regions where data evidence concentrates, enabling the
sampler to explore relevant parameter space more efficiently rather than dissipating effort
on physically implausible configurations.

The convergence advantage proves most dramatic in the low-temperature, low-burnup
regime (Figure 7.1, Test b), where informed priors yield universal R < 1.00 and maximum
ESS across parameters. Anomalous regimes (high-temperature specimen 220 [Test a] and
high-burnup specimen 665 [Test e]) demonstrate persistent convergence challenges even with
informed priors, a phenomenon explored in depth in Section 7.7.
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Figure 7.1: Convergence diagnostics across five calibration regimes (Tests a—e) comparing
uninformed (uniform) priors (top row) and informed (Chapter 5 and literature-guided) priors
(bottom row). Left panels: Gelman-Rubin R diagnostic showing convergence status per
parameter. Green (R < 1.01) indicates convergence; yellow/orange (R > 1.02) indicates
incomplete mixing. Right panels: Effective sample size (ESS, bulk estimate) quantifying
independent posterior samples. Dark blue (25,000+ ESS) indicates efficient sampling; light
yellow (< 5,000 ESS) indicates inefficient exploration.

Comparison between Test b (Low-Temperature, Low-Burnup, including specimen 669)
and Test d (excluding specimen 669) reveals regime-dependent shifts in convergence behavior.
Although both tests remain within the low-temperature, low-burnup domain, inclusion of
the higher-burnup specimen 669 produces moderately elevated R and reduced ESS relative
to Test d, suggesting that this specimen occupies a regime boundary where mechanistic
parameter relationships differ from the strictly low-burnup domain.

A critical observation emerges when comparing uniform and informed prior configura-
tions: while most experimental regimes demonstrate improved convergence and elevated ESS
with informed priors, Test a (high-temperature 220 alone) exhibits anomalous behavior—
ESS decreases upon prior refinement despite R improvement. This counterintuitive finding
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(improved convergence metrics yet reduced independent sampling) indicates fundamental
regime-dependent differences in mechanistic model structure. The decline in effective sam-
pling efficiency despite enhanced convergence diagnostics suggests that informed priors, de-
signed to regularize parameter exploration in the well-constrained low-temperature domain,
may inadvertently introduce misspecification in extreme-temperature regimes where different
physical mechanisms may dominate.

7.6.3 Enhanced Parameter Identification Through Informed
Priors

Beyond convergence, informed priors enhance parameter identification by enabling the
data likelihood to constrain posterior distributions more tightly relative to prior uncertainty.
The degree of information extraction is quantified through variance reduction and precision
gain metrics.

Variance reduction, defined as 1 — (0posterior/ aprior)Z, measures the fractional reduction in
parameter uncertainty from prior to posterior. A value of 1.0 indicates complete information
extraction (posterior o — 0), while 0.0 indicates no information gain (posterior o = prior ).
Precision gain, defined as prior standard deviation divided by posterior standard deviation,
directly indicates how much tighter the posterior is relative to the prior. Values > 1.5
indicate substantial parameter identification; values < 1.1 suggest the posterior remains
broad relative to prior width.

Figure 7.2 displays variance reduction (left) and precision gain (right) across the
calibration regimes and all 14 mechanistic parameters. Uniform priors baseline show modest
information gain: variance reduction typically 0.2 to 0.6, indicating that experimental
data moderately constrain parameters but substantial prior-to-posterior uncertainty persists.
With informed priors, variance reduction increases substantially: key mechanistic parameters
(dislocation trapping, resolution scaling, diffusion factors) achieve variance reduction
exceeding 0.8, and precision gain frequently exceeds 2.0 in the primary calibration domain.

The regime contrast is striking: the low-temperature, low-burnup regime (Test b)
exhibits the strongest information extraction, with variance reduction exceeding 0.8 and
precision gain > 1.5 for mechanistically-critical parameters (trapping, resolution, diffusion).
In marked contrast, anomalous regimes (Test a: high-temperature 220, Test e: high-
burnup 665) display pale coloration (variance reduction < 0.4, precision gain near 1.0),
indicating minimal parameter identification even with mechanistically-informed priors. This
dramatic regime dependence reveals that information content is fundamentally asymmetric
across the experimental database: low-temperature, low-burnup conditions provide rich
experimental constraints that tightly bound parameter uncertainty, whereas extreme-
condition specimens (220, 665) contain insufficient observational signal to overcome the
inherent non-identifiability of the 14-dimensional parameter space. The pale coloration in
Tests a and e reflects data scarcity rather than mechanistic failure; additional specimens or
higher-fidelity measurements in these regimes would be necessary to meaningfully constrain
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Figure 7.2: Information extraction from experimental data quantified through variance
reduction (left) and precision gain (right), across five calibration regimes (Tests a—e) and all
14 mechanistic parameters. Variance reduction (left): values approaching 1.0 (dark green)
indicate strong posterior tightening relative to prior; pale yellow (0.0-0.2) indicates minimal
information gain. Precision gain (right): values > 1.5 (dark blue) indicate posterior precision
exceeds prior by > 50%; values near 1.0 (pale yellow) indicate posteriors remain nearly as
wide as priors.

parameter values in extreme conditions.

7.6.4 Systematic MCMC Calibration Across Experimental
Regimes

To understand calibration feasibility across the full experimental data space and identify
the regime(s) where sufficient data exist for rigorous parameter inference, MCMC was
executed with informed priors across five regime partitions of the SNAP-50 UN database.
These regimes partition experiments by operating conditions (temperature, burnup) to
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test whether mechanistic parameter values converge to well-defined posteriors, or whether
different experimental subsets induce different parameter values, suggesting either regime-
dependent mechanisms or regime-specific data scarcity.

7.6.4.1 Convergence and Information Gain by Regime

Informed prior MCMC applied across these five regimes (Figure 7.1 and Figure 7.2,
bottom rows) reveals dramatic differences in parameter identifiability and convergence
behavior. Test b (low-temperature, low-burnup regime) achieves superior convergence across
all diagnostics: all parameters achieve R < 1.01 (indicating stationarity across all eight
independent chains), ESS > 15,000 for dominant parameters (many exceeding 20,000),
and variance reduction exceeding 0.8 for mechanistically-important parameters (trapping,
resolution, diffusion). This regime emerges as the validated calibration domain where
experimental data sufficiently constrain the 14-dimensional parameter space.

The high-temperature (Test a: 220 alone) and high-burnup (Test e: 665 alone) regimes
exhibit fundamentally distinct convergence signatures despite mechanistically-informed prior
specification. Both anomalous regimes show incomplete convergence (Z% > 1.01 for multiple
parameters), substantially reduced effective sample sizes (ESS 2,000-8,000), and minimal
parameter identification (variance reduction < 0.3 for most parameters, precision gain near
1.0). This convergence degradation stems fundamentally from data insufficiency rather than
algorithmic failure: single-specimen regimes provide limited observational signal to constrain
the high-dimensional parameter space. Posterior distributions in these regimes either fail to
concentrate around unique parameter values or exhibit multimodal structures with multiple
distinct parameter combinations fitting the available data equally well. The persistence of
poor convergence diagnostics even with mechanistically-guided priors indicates that prior
refinement cannot compensate for inadequate experimental constraints. These regimes are
reserved for validation and mechanistic comparison studies (Section 7.7) rather than serving
as primary calibration domains.

7.6.4.2 Selection of Informed Priors and Multi-Regime Analysis Strategy

The convergence diagnostics and information gain analysis presented above establish
informed priors as the optimal configuration for MCMC-based parameter inference in the
UN swelling and fission gas release model. Across all well-constrained experimental regimes,
mechanistically-guided priors systematically outperform uniform (maximum-entropy) priors
across three critical dimensions: convergence to stationarity (]% < 1.01 universally versus
R > 1.01 in multiple anomalous regimes), effective sampling efficiency (ESS 15,000-25,000
versus 5,000-15,000), and parameter identification (variance reduction 0.7-0.9 versus 0.2—
0.6). The incorporation of mechanistic guidance from Chapter 5 parametric studies and
physical literature constrains parameter exploration toward physically plausible regions,
enabling the MCMC sampler to converge more rapidly and achieve superior coverage of the
posterior support. By leveraging available mechanistic knowledge without imposing artificial
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constraints that would bias posteriors away from experimental data, informed priors maintain
Bayesian validity while dramatically improving inference quality.

Accordingly, all subsequent analysis proceeds with mechanistically-informed prior spec-
ifications. The dual-figure analysis (Figure 7.1 and Figure 7.2, bottom rows) demonstrates
that informed priors enable reliable parameter inference in regimes with sufficient exper-
imental data (Test b: low-temperature, low-burnup), while simultaneously revealing the
fundamental data insufficiency underlying poor convergence in extreme-condition specimens
(Tests a and e). This distinction between algorithmic limitation and data scarcity motivates
a three-regime comparison strategy designed to characterize mechanistic parameter uncer-
tainty across the experimental database while maintaining transparency about where reliable
inference is feasible.

The following analysis partitions the SNAP-50 UN database into three complementary
regimes for detailed mechanistic comparison. Test d (Low-Burnup excluding specimen 669)
represents the core calibration domain with maximum data density and strongest parameter
identification, establishing baseline mechanistic parameter values where experimental con-
straints are sufficient to overcome the challenges of 14-dimensional inference. Test a (High-
Temperature specimen 220 alone) isolates extreme-temperature behavior, where reduced
experimental data and potentially different physical mechanisms lead to non-convergence
even with informed priors; comparison with Test d reveals whether mechanistic model struc-
ture exhibits temperature-dependent transitions. Test e (High-Burnup specimen 665 alone)
isolates extreme-burnup conditions, similarly enabling diagnosis of whether high-fission-gas-
inventory regimes require distinct mechanistic treatments or merely reflect data-limited pa-
rameter non-identifiability. Through systematic multi-regime comparison, Section 7.7 will
establish whether observed convergence differences reflect genuine regime-dependent physics
or primarily reflect asymmetric experimental data distribution across the operating envelope.

7.7 Posterior Parameter Analysis and
Regime-Dependent Model Validation

The prior refinement and convergence analysis presented in Section 7.6 established
that mechanistically-informed priors enable rigorous MCMC inference in well-constrained
experimental regimes while revealing fundamental data insufficiency in extreme-condition
specimens. This section presents posterior parameter distributions across all experimental
regimes, characterizes the data sufficiency landscape, and provides mechanistic interpretation
of calibrated parameter values in the validated low-temperature, low-burnup domain. The
analysis establishes low-temperature, low-burnup (Test d) as the calibration baseline where
posterior parameter estimates merit high confidence, while quantifying the data requirements
needed to extend calibration to extreme temperatures and burnups.
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7.7.1 Multi-Regime Posterior Comparison: Revealing Data
Sufficiency Across Operating Conditions

7.7.1.1 Individual Regime Posteriors

Figures 7.3, 7.4, and 7.5 display the marginal posterior distributions for all 14 mechanistic
parameters in each regime individually, providing detailed visualization of parameter
identifiability as a function of experimental data availability.
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Figure 7.3: Posterior distributions for all 14 mechanistic parameters in low-temperature,
low-burnup regime. Blue shaded regions indicate posterior probability mass, red dashed
lines show prior specification (uniform or informed beta/normal).

Low-temperature, low-burnup (Figure 7.3) posteriors exhibit the gold standard for
Bayesian calibration for most parameters. Tight, unimodal marginal distributions concen-
trated well away from prior bounds demonstrate successful parameter refinement through
data. Visually inspecting distributions, nearly all parameters show posterior modes clearly
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distinct from prior specification (indicated by red dashed reference lines), indicating that
experimental data have provided substantial information to refine beliefs from initial priors.
Broader unconstrained posterior tails are expected with sufficient experimental data in a
complex 14-parameter nonlinear system. This visual pattern confirms the quantitative con-
vergence metrics (all R = 1.00, median ESS = 13,500) and reveals that mechanistic model
structure successfully captures UN physics in low-temperature, low-burnup conditions.
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Figure 7.4: Posterior distributions for all 14 mechanistic parameters in high-temperature
regime. Blue shaded regions indicate posterior probability mass, red dashed lines show prior
specification (uniform or informed beta/normal).

High-temperature regime (Figure 7.4) reveals the identifiability challenge posed by
single-specimen regimes. Despite informed priors narrowing prior support relative to
uniform specifications, posteriors tend not to diverge considerably from the priors or
they diverge toward the maximum boundaries. Notably, many parameters show tight
identification despite single-specimen data, suggesting high-temperature behavior produces
sharper experimental signatures. This indicates that diverse parameter values fit the 6
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observations in specimen 220 approximately equally well in some cases, while others achieve
good identification. This visual pattern confirms the convergence analysis from Section 7.6.
The mixed identifiability pattern demonstrates that specimen 220 data contain region-
specific mechanistic signals, even with limited observations.
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Figure 7.5: Posterior distributions for all 14 mechanistic parameters in high-burnup regime.
Blue shaded regions indicate posterior probability mass, red dashed lines show prior
specification (uniform or informed beta/normal).

High-burnup regime (Figure 7.5) shows considerably better identifiability than Test
a, with many posteriors achieving meaningful tightening from priors. However, the
posterior distributions are noticeably broader than Test d, indicating that the 6 high-burnup
observations from specimen 665 provide useful but incomplete constraint on mechanistic
parameter values. This visual improvement relative to prior expectations is consistent
with updated quantitative metrics: dislocation density achieves ESS = 16,007 (substantially
improved), convergence is successful across all parameters (I:E = 1.00), and most parameters
show information gain between 0.01-0.30. The visible improvement in posterior tightness
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versus prior specification constitutes evidence that high-burnup data contain mechanistically
informative signal, though larger specimen populations would improve calibration quality.

7.7.1.2 Direct Visual Evidence of Regime Dependence
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Figure 7.6: Posterior distributions for all 14 mechanistic parameters overlaid to directly
compare regime-dependent identifiability: high-temperature 220 (blue), low-temperature
and low-burnup (orange), high-burnup 665 (light blue). The overlay visualization provides
immediate visual assessment of how experimental data availability influences parameter

identification.

Figure 7.6 superimposes posterior distributions from all three regimes, providing the
central visual evidence for regime-dependent identifiability. The contrast is clear: Test d
(orange) distributions are tightly concentrated with clear refinement from priors, Test a
(blue) show mixed patterns—some posteriors refined substantially while others remain near
boundaries—and Test e (light blue) exhibit posteriors broader than Test d but noticeably
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tighter than Test a for many parameters. This visual progression indicates that experimental
regime complexity and data density interact to control posterior quality, with neither regime
achieving Test d quality. This visual progression directly parallels the quantitative metrics
from Table 7.2 and Table 7.3, providing intuitive confirmation that experimental data
complexity controls posterior quality.

7.7.1.3 Posterior Statistics and Quantitative Regime Comparison

To quantify the visual regime distinctions, Table 7.2 presents complete posterior statistics
for all 14 parameters in Test d, while Table 7.3 directly compares six mechanistically critical
parameters across the three regimes. In Table 7.2 HDI is the 94% highest density interval,
Info Gain is variance reduction (0 = no constraint, 1 = complete identification) and ESS_bulk
represents effective sample size with ESS > 1,500 indicates adequate mixing. All R=1.00
confirms convergence across 8 independent chains.

Table 7.2: Marginal posterior statistics for all 14 mechanistic parameters in low-temperature
and low-burnup (14 observations). All parameters reported in normalized space & € [0, 1].

Parameter Mean SD HDI Low HDI High ESS Info Gain R
Grain Radius 0.680 0.239 0.232 1.000 16671 0.315 1.00
Frac. Yield 0.345 0.129 0.100 0.588 13753 0.260 1.00
Dislo. Density 0.692 0.115 0.460 0.881 5545 0.255 1.00
Saturation Cov. 0.438 0.255 0.002 0.885 10082 0.220 1.00
Vac. GB Diff. 0.519 0.256 0.118 1.000 9401 0.214 1.00
Dislo. Trap Z 0.572  0.268 0.121 1.000 9628 0.138 1.00
Trap. (Line) 0.182 0.134 0.000 0.426 11994 0.095 1.00
Surface Energy  0.594  0.143 0.329 0.867 23555 0.091 1.00
Nucl. Rate 0.513 0.277 0.077 0.999 17985 0.079 1.00
Resol. (Dislo) 0.504 0.225 0.113 0.891 12139 0.070 1.00
Resolution 0.570  0.229 0.134 0.939 8854 0.036 1.00
Trap. (Dislo) 0.165 0.139 0.000 0.422 17238 0.026 1.00
IG Diff. Scale 0.588 0.236 0.186 0.980 15805 -0.023 1.00
Trapping 0.182 0.144 0.000 0.445 16834 -0.045 1.00

The numerical contrast between regimes reveals important mechanistic patterns. Test
d shows moderate posterior concentration across most parameters, with information gain
concentrated in material property parameters (fractional yield 0.260, grain radius 0.315)
rather than diffusion parameters. Test a exhibits notably higher posterior fractional yield
(0.543 vs 0.345), suggesting that high-temperature regimes maintain material strength
better than low-temperature conditions—a mechanistically significant finding indicating
temperature-dependent yield behavior. Test e shows dislocation density comparable to
Test a (0.378 vs 0.404), approximately 45% lower than Test d—revealing that high-burnup
conditions produce different defect dynamics than low-temperature, low-burnup irradiation.
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Table 7.3: Posterior means for six mechanistically critical parameters across three calibration
regimes: low-temperature and low-burnup (14 observations), high-temperature 220 (6
observations), high-burnup 665 (6 observations).

Parameter Test d Testa Teste Aa Ae
Dislo. Density  0.692 +0.115  0.404 0.378 0.288 0.314
Frac. Yield 0.345 +0.129  0.543 0.454 0.198 0.109
Trapping 0.182 +0.144 0.109 0.169 0.073 0.013
Resolution 0.570 +=0.229  0.688 0.602 0.118 0.032

Dislo. Trap Z  0.572£0.268  0.520 0.395 0.052 0.177
Surface Energy 0.594 +£0.143  0.514 0.541  0.080 0.053

The cross-regime comparison (Table 7.3) reveals critical regime-dependent patterns.
Fractional yield actually increases in both extreme regimes (0.345 — 0.543 in Test a,
0.345 — 0.454 in Test e), contrary to expectations of monotonic radiation hardening. This
suggests that high-temperature and high-burnup conditions may activate different creep or
strength-reduction mechanisms than low-burnup environments. Dislocation density shows
systematic reduction in anomalous regimes (0.692 — 0.404 and 0.378), potentially reflecting
temperature-accelerated defect recovery or burnup-driven microstructural evolution. These
divergences, combined with broad posteriors in Tests a and e, indicate genuine regime-
dependent mechanistic effects superimposed on data insufficiency.

7.7.1.4 Data Insufficiency Assessment and Experimental Implications

The convergence and identifiability analysis enables quantitative assessment of experi-
mental data adequacy. Effective sample size provides a proxy for experimental information
content where ESS reflects the number of independent experimental observations effectively
constraining parameter distributions. Test d achieves median ESS = 13,500 across 14 ex-
perimental observations. Test e, with only 6 raw observations, achieves median ESS =
16,400—comparable to Test d for well-identified parameters—indicating that despite single-
specimen limitation, high-burnup conditions produce experimentally informative behavior
that constrains parameters effectively.

However, Test d’s larger observation set (14 vs 6) and regime-independent design provide
more robust multi-parametric constraints. To extend calibration beyond current coverage,
the regime-based analysis from Chapter 5 indicates that approximately 10-15 additional
specimens strategically targeting the transition zone (1400-1500 K, 0.5-2 FIMA) would
enable resolution of current mechanistic degeneracies while remaining within the standard
regime where model physics are continuous. The current SNAP-50 database provides solid
calibration foundation in the low-burnup standard regime, but the identified two-stage
bottleneck structure (excessive intragranular bubble trapping followed by insufficient matrix
diffusion to grain boundaries) requires experimental constraints on temperature-dependent
diffusion enhancement factors to resolve parameter compensation between resolution and
transport rates.
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7.7.2 Mechanistic Parameter Interpretation for Primary
Calibration Domain

The posterior statistics in Test d quantify the UN mechanistic model’s behavior when
informed by comprehensive experimental data. Presenting results in physical space (rather
than normalized coordinates) enables direct comparison with literature values, BISON input
parameters, and mechanistic expectations. This subsection provides detailed interpretation
of key posterior parameter values in their native units, connecting numerical results to
physical understanding of fission gas release and swelling phenomena. The interpretation
is grounded in the two-stage bottleneck structure identified in Chapter 5: Stage 1 excessive
intragranular bubble trapping preventing gas from reaching the matrix, and Stage 2
insufficient matrix diffusion to grain boundaries even when gas escapes intragranular bubbles.

Table 7.4: Marginal posterior statistics for all 14 mechanistic parameters in low-temperature
and low-burnup (14 observations) in physical space.

Parameter Mean SD HDI Low HDI High ESS Info Gain
Grain Radius [pm)] 37.2 9.56 19.3 50.0 16671 0.315
Frac. Yield 0.219 0.026 0.170 0.268 13753 0.260
Dislo. Density [10** m~2] 11.32  6.28 3.89 27.04 5545 0.255
Saturation Cov. 0.353 0.089 0.201 0.510 10082 0.220
Vac. GB Diff. [10° multiplier] 11.91  62.38 0.30 1000 9401 0.214
Dislo. Trap Z 44.3 16.1 17.3 70.0 9628 0.138
Trap. (Line) [scale factor] 1.90  1.33 0.10 4.32 11994 0.095
Surface Energy [J/m?] 1.138  0.057 1.032 1.247 23555 0.091
Nucl. Rate [scale factor] 5.18  2.74 0.86 9.99 17985 0.079
Resol. (Dislo) [scale factor] 5.09  2.23 1.22 8.92 12139 0.070
Resolution [scale factor] 5.74  2.27 1.43 9.40 8854 0.036
Trap. (Dislo) [scale factor] 1.73  1.38 0.10 4.28 17238 0.026
IG Diff. Scale [scale factor] 5.92  2.34 1.94 9.80 15805 -0.023
Trapping [scale factor] 1.90 1.43 0.10 4.51 16834 -0.045

7.7.2.1 Grain Radius and Dislocation Density

Grain radius (posterior mean 37.2 + 9.56 pm, info gain = 0.315) characterizes the fuel
pellet microstructure controlling fission gas diffusion pathways. The posterior mean of 37.2
pm represents moderately coarse grains within the reported SNAP50 grain radius range. The
tight 94% credible interval (19.3-50.0 pm) reflects substantial experimental constraint. This
grain size is consistent with sintered UN fuel after thermal processing but before irradiation-
induced coarsening. In the BISON mechanistic model, grain radius enters directly into the
grain-boundary diffusion layer calculations and controls the characteristic length scale for
diffusion eigenvalue calculations A, = (nm/a)?, where a is the grain radius. Larger grains
therefore exponentially reduce diffusion-driven release rates, enhancing gas retention.
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Dislocation density (posterior mean 11.3 x 10 m=2 SD = 6.28 x 10 m~2, info

gain = 0.255) reflects substantial but sub-saturated defect accumulation under low-
temperature, low-burnup irradiation. The posterior concentrates well below the prior upper
bound (10'® m~2), with the center value just lower than the constant default value of
4 x 101¥m~2. The Chapter 5 parametric study established that dislocation density acts
primarily through nucleation site supply, reducing dislocation density shifts gas accumulation
from dislocation bubbles into intragranular bubbles rather than enabling grain boundary
transport, confirming that the bottleneck is not nucleation availability but rather the
downstream trapping mechanisms that prevent gas from reaching grain boundaries. In the
UN SIFGRS implementation, dislocation density couples directly to two mechanisms: (1)
nucleation of bubbles at dislocation sites, and (2) trapping rates which scale logarithmically
with dislocation spacing. The tight identification (information gain = 0.255) establishes
dislocation density as the third-most-constrained parameter. This tight constraint reflects
that swelling observations discriminate between regimes with abundant defect populations
and depleted regimes, not that the MCMC has uniquely resolved how dislocations partition
gas between competing sink populations. At 11.3 x 10'* m~2, the posterior density is high
enough to provide abundant nucleation sites and sufficient trapping capacity to meaningfully
affect swelling predictions and allow fission gas release.

7.7.2.2 Fractional Yield

Fractional yield represents the molar yield of fission gas atoms (primarily Xenon and
Krypton) produced per fission event. The posterior mean of 0.219 (SD = 0.026, info gain =
0.260) indicates that UN produces approximately 0.219 moles of fission gas atoms per mole of
fission events. The tight posterior (credible interval 0.170-0.268) reflects strong experimental
constraint on gas production rates from nuclear data and experimental calibration.

Mechanistically, the tight constraint on fractional yield validates the historical data
estimating the fractional yield is ~0.25 for Xe and Kr. Importantly, the tight identification
(info gain = 0.260) is independent of the two-stage bottleneck structure identified in
Chapter 5. The posterior constrains the absolute gas inventory produced, while the
bottleneck mechanisms govern how that gas is partitioned among microstructural locations.
The swelling and fission gas release observations are sensitive enough to distinguish between
different absolute gas production rates. This tight identification of yield, compared to the
more diffuse posterior distributions of transport parameters, indicates that the total gas
inventory generated is experimentally well-constrained by the combination of volumetric
swelling and release measurements. The posterior value confirms that UN behaves as
anticipated under neutron fission in the SNAP-50 low-temperature, low-burnup regime.

7.7.2.3 Surface Energy and Saturation Coverage

Surface energy (posterior mean 1.138 J/m?, SD = 0.057, info gain = 0.091) controls
thermodynamic driving forces for bubble nucleation and equilibrium bubble size. The
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posterior concentration above the prior lower bound (0.9 J/m?) but well below the upper
bound (1.3 J/m?) reflects that UN surface energy is intermediate in the literature range.
In the code implementation, surface energy appears explicitly in the bubble pressure
calculations controlling the nucleation barrier height and equilibrium bubble size, and
implicitly in the dislocation punching criterion.

Saturation coverage (posterior mean 0.353, SD = 0.089, info gain = 0.220) represents
the fraction of available grain-boundary perimeter that can accommodate bubbles before
transition to grain-boundary coverage and release. In the BISON grain-boundary model,
saturation coverage controls the maximum bubble surface density before interconnection
becomes energetically favorable. The posterior concentration at approximately one-third
saturation indicates that approximately 35% of potential grain-boundary bubble surface
sites are filled before the critical transition occurs. This intermediate value is mechanistically
significant, and directly validated by the Chapter 5 parametric study. Reducing saturation
coverage from 0.5 to 0.25 advanced fission gas release onset at low temperatures but did
not produce sustained release, confirming that the coverage threshold is not the limiting
mechanism. Instead, Chapter 5 gas partitioning diagnosis showed that grain boundary gas
inventory remained below 3% of total across all specimens, indicating that the bottleneck is
insufficient gas supply to grain boundaries rather than insufficient interconnection efficiency.

7.7.2.4 Scale Factors and Their Physical Roles

Scale factors in the UNSIFGRS implementation act as dimensionless multipliers applied
to baseline physical rates and diffusion coefficients.

Intragranular diffusion scale (posterior mean 5.92, SD = 2.34, info gain = -0.023)
reveals weak or zero experimental constraint on bulk volume diffusion enhancement. The
negative information gain indicates the posterior distribution remains broader than the prior,
demonstrating that swelling observations do not uniquely constrain intragranular diffusion
rates. This negative information gain is mechanistically informative. Chapter 5 parametric
study demonstrated that when baseline trapping mechanisms are active, increasing matrix
diffusion produces negligible improvement because gas never escapes intragranular bubbles
to populate the matrix in the first place. Only when trapping is aggressively reduced does
the matrix become the active transport pathway, at which point diffusion rate becomes
important. The swelling data in Test d do not sample this regime, so the MCMC
cannot uniquely constrain matrix diffusion from observations that remain insensitive to it.
Physically, this weak identification reflects that low-temperature UN operates in a grain-
boundary-limited regime where gas atoms produced deep in grain interiors reach grain
boundaries through slow volume diffusion, but once at grain boundaries, rapid GB diffusion
dominates release kinetics. The code structure confirms this interpretation. The effective
diffusion coefficient accounts for both bubble trapping and resolution rates, but the constraint
from grain-boundary percolation observations dominates identification.

Vacancy-grain boundary diffusion (posterior mean 11.9x 10° multiplier, info gain = 0.214)
quantifies grain-boundary transport enhancement through vacancy-mediated mechanisms.
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In the UN SIFGRS code, this multiplier scales the baseline vacancy diffusivity function
before entering into grain-boundary bubble evolution calculations. The information gain of
0.214 indicates that swelling observations provide meaningful but partial constraint on GB
transport. Chapter 5 investigation with 10° multiplier enhancement of GB vacancy diffusion
showed only modest improvements in fission gas release, confirming that accommodation
physics (vacancy supply to grain boundaries) is not the bottleneck. Instead, the upstream
Stage 1 trapping bottleneck prevents gas from reaching grain boundaries in quantities
sufficient to test accommodation limits. The posterior value of 11.9x10° represents
a moderate enhancement that ensures grain boundary saturation accumulates over the
irradiation duration while avoiding extreme parameter values that would be unphysical.
Faster GB diffusion enables more earlier onset to fission gas release and gas escape, reducing
retention and swelling.

Dislocation trap Z-factor (posterior mean 44.3, SD = 16.1, range 17.3-70.0, info
gain = 0.138) represents the effective trap stability parameter in the dislocation core
trapping calculation. The posterior value of 44.3 indicates moderate trap strength at these
conditions where the default is 25. The information gain of 0.138 reflects that trapping
and resolution rates are mechanistically entangled through the equilibrium gas fraction
calculation described below, making independent identification difficult without additional
experimental constraints on bubble kinetics.

7.7.2.5 Trapping and Resolution Scale Factors

The three trapping scale factors (overall 1.90, trap-dislocations 1.73, trap-line 1.90)
cluster in the lower-middle portion of their [0.1, 10.0] range, indicating substantially
suppressed gas retention relative to baseline model predictions. In the code implementation,
these factors multiply the base trapping rate. The suppressed posterior values indicate that
fewer gas atoms successfully lodge at trapping sites than baseline assumptions predict.

The weak identification (information gain 0.026-0.095) reflects fundamental parameter
compensation in the UNSIFGRS architecture. The code computes equilibrium gas
partitioning such that the equilibrium distribution depends on the ratio of trapping to
resolution rates, not on their absolute values. Consequently, reducing trapping by a
factor of 2 while increasing resolution by a factor of 2 produces identical predictions.
The Chapter 5 parametric study demonstrated this explicitly. The aggressive combined
optimization achieved success only when trapping was reduced to 0.1x and resolution was
simultaneously increased to 10x, a synergistic adjustment that would be invisible to a
MCMC exploring individual parameter variations. The weak posterior identifications here
reflect that the MCMC explores a one-dimensional compensation manifold within the higher-
dimensional parameter space where multiple parameter combinations produce equivalent
likelihoods. Without independent experimental data on trapping mechanisms, the MCMC
cannot uniquely distinguish these competing effects. Multiple parameter combinations, weak
trapping with moderate resolution, or strong trapping with strong resolution, fit swelling and
release data approximately equally well.
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7.7.2.6 Resolution Scale Factors

Resolution scale factors (overall 5.74, dislocation-specific 5.09) appear in the bubble
concentration evolution calculations. In the code, these factors multiply the baseline
resolution rate, which empirically depends on bubble radius and fission rate. The posterior
values of approximately 5.7 indicate enhanced bubble coalescence relative to baseline model
predictions.

The weak information gain (0.036 and 0.070) reveals that coalescence mechanisms are
mechanistically secondary in Test d conditions. Chapter 5 analysis established that in the
grain-boundary-limited regime, once grain boundary saturation is achieved, the absolute
resolution rate (whether 1x or 10x baseline) minimally affects total release because gas
reaching grain boundaries is vented regardless of whether intragranular bubbles are destroyed
slowly or rapidly. The posterior concentration at 5.74x likely represents a saturation point
where further increases provide negligible modeling improvement. Once grain-boundary
diffusion is specified, detailed bubble coalescence kinetics matter less for macroscopic
release predictions because grain-boundary sinks efficiently absorb escaped gas regardless of
coalescence pathway. The code structure confirms this such that bubble coalescence affects
bubble concentration and radius evolution, but final release is determined by whether gas
reaches the grain-boundary-to-surface percolation threshold in the thermal release function.

7.7.2.7 Nucleation Rate and Defect-Limited Regimes

Nucleation rate scale factor (posterior mean 5.18, SD = 2.74, info gain = 0.079) indicates
moderate enhancement of bubble nucleation kinetics. The weak identification reflects that
UN fuel operates in a defect-limited regime. Available dislocation sites vastly exceed the rate
at which fission gas atoms become available for bubble formation. Nucleation rate couples to
gas concentration via homogeneous nucleation theory, and the moderate scale factor (5.18)
indicates that baseline predictions already assume efficient nucleation. The Chapter 5
parametric investigations did not target nucleation rate directly, but the gas partitioning
diagnosis showed that bubbles nucleate readily at early burnup; the limitation emerges only
later as re-trapping during diffusion prevents gas from escaping the intragranular bubble
population to feed grain boundaries. Increasing this factor further provides minimal benefit
because the system is limited by gas atom supply, not by nucleation site availability.

7.7.2.8 Summary: Parameter Landscape and Mechanistic Pathways

The posterior parameter landscape reveals hierarchical mechanistic importance reflecting
UN fuel physics:

Tier 1 (Info Gain 0.20-0.32): Dominant Material Properties—Tightly Con-
strained and Mechanistically Validated

Grain radius (0.315), fractional yield (0.260), and dislocation density (0.255) emerge
as the three most tightly constrained parameters. These characterize irreversible material
degradation, that directly govern swelling and fission gas mechanisms mechanisms in the
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BISON finite-element context. These Tier 1 parameters are sufficiently well-constrained that
adjusting their baseline model values toward the posterior means would represent concrete,
defensible improvements to model predictions. Specifically: (1) increasing the default grain
radius from 25 pm to 37 pm would reflect measured SNAP-50 specimen microstructure;
(2) confirming fractional yield at 0.219 (versus historical estimates of 0.25) would refine
fission gas production calculations; (3) employing the dislocation density value of 11.3x 10
m~2 as a temperature dependent or irradiation dependent material property rather than
a constant would capture radiation-induced defect accumulation. These changes represent
direct mechanistic improvements rather than parameter compensation.

Tier 2 (Info Gain 0.09-0.21): Intermediate Gas Physics—Moderately Con-
strained but Model-Limited

Saturation coverage (0.220), vacancy GB diffusion (0.214), surface energy (0.091), and
dislocation trap Z (0.138) control intermediate-scale fission gas behavior. These appear
in rate calculations and equilibrium relationships, but multiple parameter combinations
produce similar predictions due to compensatory effects in the rate equations. The moderate
identifications here reflect that grain-boundary-related physics matter for swelling, but
the Stage 1 bottleneck (excessive intragranular trapping) limits the grain boundary gas
inventory so severely that detailed grain boundary mechanics remain under-constrained by
observations. These Tier 2 parameters show sufficient identification to warrant investigation:
saturation coverage (0.220 info gain) and vacancy GB diffusion (0.214) are informationally
competitive with the dislocation density constraint, suggesting they do carry signal despite
the bottleneck limitation. However, adjusting these parameters in the baseline model would
represent potential symptom treatment rather than mechanistic repair. The Chapter 5
analysis demonstrated that reducing saturation coverage or enhancing GB diffusion allows
earlier onset of fission gas release. Nevertheless, these parameters merit investigation in a
refined model as they may become rate-limiting in that regime.

Tier 3 (Info Gain < 0.08, including negative): Matrix Transport and Bubble
Dynamics—Weakly Constrained and Model-Degenerate

Resolution parameters (0.036-0.070), trapping multipliers (0.026-0.095), nucleation rate
(0.079), and IG diffusion (-0.023) show minimal identification. These weak identifications
directly correspond to the mechanistic bottleneck structure from Chapter 5. The Stage 1
bottleneck (excessive trapping prevents matrix accumulation) makes intragranular diffusion
unimportant and bubble coalescence secondary. Without upstream gas supply, downstream
transport mechanics cannot be observed. The MCMC explores a compensation manifold
where varying these Tier 3 parameters produces minimal change in predicted swelling or
release because the Stage 1 bottleneck dominates all regime. Tier 3 parameters are not
sufficiently constrained to warrant baseline model adjustment. They remain degenerate
even after calibration to 14 experimental observations. The negative information gain for IG
diffusion explicitly indicates that the posterior is less informative than the prior, confirming
that swelling and fission gas release data provide no direct signal about matrix diffusion
efficiency. Adjusting these parameters would introduce additional uncertainty rather than
reduce it.
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Mechanistic Implications and Prioritized Investigation Path

The hierarchical structure reveals that swelling behavior in Test d is driven primarily by
material property rather than by detailed gas transport or retention mechanisms. Gas bubble
formation proceeds relatively deterministically once microstructural evolution is specified.
The Tier 1 parameters, now validated through Bayesian calibration, provide a confirmed
baseline for forward predictions. The Tier 2 parameters warrant additional investigation
only within a mechanistically reformed model. The Tier 3 parameters should not be adjusted
from their present values without additional experimental data on bubble kinetics, because
any adjustment would represent parameter compensation with no mechanistic justification.

7.7.3 Validation and Forward Pathway

The posterior parameter distributions established above provide the foundation for
forward uncertainty quantification and model validation. The Test d calibration establishes
quantitative confidence in Tier 1 parameters (grain radius, fractional yield, dislocation
density; information gain 0.25-0.32) sufficient to recommend baseline model updates within
the validated envelope spanning 1269-1503 K and 0.54-1.08 FIMA burnup. Tier 2 and
Tier 3 parameters warrant different treatment. Tier 2 remain under-constrained due to
the Stage 1 bottleneck limiting grain boundary gas supply; they should not be adjusted
without mechanistic reform to intragranular trapping mechanisms. Tier 3 parameters show
minimal to negative information gain, indicating that swelling observations provide no unique
constraint on their values. Adjusting these parameters without independent experimental
data on bubble kinetics would introduce additional uncertainty rather than reduce it.

Beyond the validated envelope, in particular at extreme temperature (Test a, Specimen
220, 1561-1714 K) and high-burnup (Test e, Specimen 665, 4.58 FIMA) regimes, convergence
diagnostics degrade substantially, revealing fundamental regime-dependent differences in
mechanistic model structure. Extrapolation beyond the validated envelope requires explicit
acknowledgment of model-inadequacy uncertainty accounting for structural limitations
beyond parametric uncertainty.

The identified two-stage bottleneck structure, excessive intragranular bubble trapping
followed by insufficient matrix diffusion to grain boundaries, represents the primary mecha-
nistic limitation preventing accurate fission gas release predictions across all temperatures.
Forward validation will quantify whether this bottleneck produces predictable, temperature-
dependent biases that scale systematically with operating conditions, or whether regime-
dependent mechanisms introduce structural model inadequacy beyond parameter compen-
sation. This distinction is critical for accelerated fuel qualification: if bottleneck effects scale
predictably, engineering safety margins can be established through uncertainty quantifica-
tion. If structural inadequacy dominates, additional experimental data or computational
model reform would be necessary before the model provides adequate confidence for qualifi-
cation.

The subsequent chapter develops this forward analysis rigorously, propagating posterior
parameter distributions through BISON forward simulations, comparing posterior-predicted
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swelling and fission gas release against experimental observations at domain boundaries,
and decomposing predictive uncertainty into parametric and structural components. This
forward framework quantifies both what the model predicts and the confidence warranted
by available information, completing the cycle from mechanistic understanding through
validated predictions suitable for engineering decision-making under uncertainty.
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Chapter 8

Posterior Prediction and Forward
Uncertainty Quantification

8.1 Introduction

Following Bayesian calibration via Markov chain Monte Carlo, the resulting posterior
distributions over model parameters enable rigorous forward uncertainty quantification and
validation of the calibrated model. While the calibration process constrains parameter uncer-
tainties given observed experimental data, the posterior samples must be propagated through
the model to assess predictive performance, quantify remaining uncertainties, and validate
the calibrated model against both calibration data and held-out test cases. This chapter
presents a comprehensive post-calibration analysis framework encompassing posterior pre-
dictive distributions, uncertainty decomposition, parameter identification assessment, and
validation against both surrogate-based predictions and direct BISON simulations.

The posterior predictive distribution represents the Bayesian framework for forward
prediction under parameter uncertainty. Given a set of posterior samples {O(i)}iNz1 drawn
from the calibrated posterior p(@ | D), predictions for a new observation ¢ at input
conditions x incorporate both parameter uncertainty and observation noise. This predictive
distribution accounts for epistemic uncertainty arising from incomplete knowledge of model
parameters while maintaining consistency with observed experimental evidence. The
resulting predictions provide honest uncertainty quantification that can be validated through
coverage analysis and comparison to experimental observations.

Uncertainty in model predictions arises from multiple sources that must be carefully
decomposed and quantified. = Parameter uncertainty reflects the remaining epistemic
uncertainty in model parameters after calibration. Surrogate model uncertainty captures
discrepancies between the Gaussian process emulator used during calibration and the true
BISON model. Experimental measurement uncertainty represents irreducible aleatory
variability in observations. Model form uncertainty acknowledges structural inadequacies
in the underlying physics model. Proper accounting of these uncertainty sources enables
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assessment of whether prediction intervals honestly reflect the true uncertainty, identification
of dominant uncertainty contributors, and targeted uncertainty reduction strategies.

Validation of the calibrated model proceeds through multiple complementary analyses.
Posterior predictions are first generated for the calibration data itself to verify that
the model adequately represents the training observations. These predictions are then
compared against independent BISON simulations using the calibrated parameters to
validate the surrogate model fidelity. Comparison between predictions using uninformed
prior samples versus calibrated posterior samples quantifies the information gain achieved
through calibration. Finally, systematic analysis of prediction accuracy across different
operating regimes identifies model validity boundaries and conditions where the physics
model becomes inadequate.

Parameter identification analysis reveals which model parameters are effectively con-
strained by the available experimental data. Information gain metrics quantify the reduc-
tion in parameter uncertainty from prior to posterior for each parameter. Parameters with
high information gain are well-identified by the data, while those with low information gain
remain poorly constrained despite calibration. The choice of point estimate for calibrated
parameters depends on the posterior distribution shape. For symmetric posteriors, the mean
provides an optimal estimate under squared error loss. For skewed posteriors arising from
bounded or informative priors, the mode represents the maximum a posteriori estimate and
better reflects the most probable parameter value. The median offers a robust alternative
less sensitive to posterior distribution tails.

8.2 Methods

8.2.1 Validation Framework and Success Criteria

The Bayesian calibration process yielded posterior parameter samples from 8 independent
MCMC chains with 2500 samples per chain. For computational efficiency in forward
predictions, 700 samples were selected for posterior prediction analysis, representing
sufficient coverage of the posterior distribution. Validation of this calibration requires
assessment across three complementary dimensions. First, posterior predictions must
exhibit appropriate coverage of observations, with approximately 95% of observations falling
within two-sigma credible intervals and 68% within one-sigma intervals. Second, posterior
predictions must demonstrate improved accuracy relative to uncalibrated prior predictions,
quantified through reduction in prediction uncertainty and absolute error metrics. Third,
the analysis must quantify parameter uncertainty remaining after calibration and partition
prediction variance into distinct sources (parameter, surrogate, and experimental), revealing
which mechanisms dominate prediction bounds.

The validation strategy employs multiple complementary approaches. Direct BISON
simulations using the 700 calibrated posterior parameter samples validate that Gaussian
process surrogates accurately represent full-model behavior for parameter values within



CHAPTER 8. POSTERIOR PREDICTION AND FORWARD UQ 144

the posterior support. Validation proceeds on both calibration experiments (in-sample
validation to verify surrogate fidelity) and held-out experiments not included in MCMC
training (out-of-sample validation to assess predictive generalization). Comparison between
prior predictions using uninformed Latin hypercube sampling with 2100 samples and
posterior predictions using the 700 calibrated MCMC samples quantifies the information gain
from Bayesian calibration. Uncertainty decomposition partitions prediction variance into
parameter uncertainty, surrogate approximation error, and experimental measurement noise,
revealing dominant contributors to prediction bounds and informing resource allocation for
uncertainty reduction.

8.2.2 Posterior Predictive Distributions

For a prediction location x with observation ¢, the posterior predictive distribution
marginalizes over posterior parameter uncertainty to incorporate both parameter constraints
and irreducible measurement noise

p(i1%, D) = / p(i1%. 6) p(6]D) d6 (8.1)

In practice, this is approximated using the 700 posterior samples {0“)}3201 from Chapter 7

by evaluating the model at each sample. The resulting ensemble {7"}7% provides a Monte
Carlo approximation to the posterior predictive distribution.
Credible intervals are constructed from the empirical quantiles of posterior predictive

samples. The 100(1 — )% credible interval is
CIl—a - [Qa/?{g(l)}v Ql—a/Q{g(i)}} (82)

where (), denotes the p-th quantile.  For well-calibrated uncertainty quantification,
approximately 100(1 — )% of observations should fall within their corresponding credible
intervals. The 68% credible interval (one-sigma) and 95% credible interval (two-sigma) are
the primary metrics reported.

8.2.3 Uncertainty Decomposition

Prediction uncertainty arises from independent sources that must be decomposed to
identify dominant contributors. The total predictive variance partitions into parameter un-
certainty, surrogate approximation uncertainty, and experimental measurement uncertainty

Var|g] = Varpaam + Varsy, + Vareg (8.3)

Parameter uncertainty is quantified from the spread in predictions across posterior
samples. Surrogate model uncertainty reflects discrepancies between Gaussian process
emulators and the true BISON model, quantified through calibration inflation factors
determined during surrogate model development in Chapter 7. Experimental measurement
uncertainty represents irreducible aleatory variability in observations, estimated as a
calibrated hyperparameter during MCMC sampling.
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8.2.4 Prior Versus Posterior Comparison

To quantify the benefit of Bayesian calibration, posterior predictions using calibrated
posterior distributions are compared against predictions using uninformed prior distributions
via Latin hypercube sampling over the uncalibrated prior parameter space. The LHS design
evaluated 2100 samples across the prior parameter space, representing the comprehensive
prior exploration performed during surrogate model development. While the LHS sample size
exceeds the 700 posterior samples, this comparison effectively demonstrates the information
gain from calibration by quantifying how much the posterior distributes parameter space
relative to uniform prior sampling.

Comparison metrics include reduction in predictive standard deviation

Std Reduction — Zprior — Tposterior 100% (8.4)
Oprior
and improvement in prediction accuracy measured through mean absolute error. These
metrics quantify how much parameter uncertainty has been reduced by experimental
data and whether calibrated parameters provide better agreement with observations than
uncalibrated values.

8.2.5 Validation Metrics

Assessment of posterior prediction quality employs metrics quantifying both accuracy and
calibration of uncertainty estimates. MAE measures average magnitude of prediction errors
as described by Equation 7.4 in Chapter 7. Root mean squared error (RMSE) penalizes
large errors more heavily as described by:

n

RMSE = | = 3" (5 - )? (55

k=1

where g, is the posterior predictive mean and y; is the observation for location k. Coverage
analysis evaluates whether credible intervals contain observations at expected rates. For
100(1 — a)% credible intervals, empirical coverage is:

1 n
Coverage, _, = - Z]I (yr € Cli—ak) (8.6)
k=1

where I is the indicator function. For well-calibrated uncertainty quantification, empirical
coverage should match nominal levels, Coverage,_, ~ 1 — a. Systematic under-coverage
indicates overconfident predictions, while over-coverage suggests conservative bounds.

These metrics are computed separately for swelling and fission gas release predictions
across all test configurations and compared between BISON and surrogate-based predictions.
Consistent achievement of nominal coverage rates while maintaining low MAE and RMSE
demonstrates both accurate and well-calibrated predictions.
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8.3 Results

The validation of Bayesian calibration proceeds through systematic comparison of pos-
terior predictions against experimental observations across multiple validation approaches.
This section reports posterior prediction results for the primary calibration regime of low-
temperature and low-burnup (Test d), validates surrogate model fidelity through direct BI-
SON simulations, quantifies information gain from calibration through prior versus poste-
rior comparison, decomposes prediction uncertainty into constituent sources, and examines
model performance across regime boundaries to identify validity limits. The results demon-
strate successful calibration within the low-temperature, low-burnup domain while revealing
systematic model inadequacy at extreme conditions, providing both confidence in model pre-
dictions where valid and clear guidance on model limitations for engineering applications.

8.3.1 Low-Temperaute and Low-Burnup Posterior Predictions

Posterior predictions for the primary calibration regime (Test d: T <1485 K, B <2%)
demonstrate successful calibration and excellent agreement with experimental observations.
The 700 calibrated posterior parameter samples were evaluated through surrogate models
across all five experiments in the primary regime (specimens 602, 603, 658, 662, 664) with
axial positions dependednt on temperature or burn-up. The resulting posterior predictive
distributions were compared against observations to assess coverage and prediction accuracy.

Figure 8.1 shows the full posterior predictive distributions as violin plots across the
entire dataset. The distributions are concentrated tightly around observations, indicating
that parameter uncertainty has been substantially reduced through calibration. The 95%
credible intervals, shown as shaded regions, encompass the vast majority of experimental
observations, providing evidence of well-calibrated uncertainty quantification.

Coverage analysis reveals near-nominal calibration across the primary regime. Overall,
86.4% of observations (19 of 22 data points) fell within their respective 95% credible intervals,
slightly below the nominal 95% level but within expected statistical variation for the sample
size. This performance is consistent with honest uncertainty quantification rather than
overconfident predictions. The three coverage failures (1.2% of data) represent minor misses
rather than systematic model inadequacy: experiment 603 top swelling exceeded the upper
credible interval by 0.677 vol%, experiment 602 middle FGR fell below the lower bound by
0.135%, and experiment 664 bottom swelling exceeded the upper bound by 0.6 vol%. These
near-miss failures are small relative to the magnitude of observations and suggest marginal
prediction errors rather than fundamental model failure. Prediction accuracy measured by
MAE remained small across both quantities. For swelling predictions, average MAE was
0.298 vol%, representing excellent agreement relative to observations ranging from 1.2 to 4.3
vol%. For fission gas release, average MAE was 0.05%, with FGR observations ranging from
0.01 to 0.2%. The variation in prediction accuracy across experiments reflects differences
in local conditions and parameter sensitivity as experiments 658 and 662 achieved 100%
coverage with the smallest errors, while experiments 602, 603, and 664 showed slightly
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Figure 8.1: Posterior predictive distributions for low-temperature and low-burnup showing
swelling (left panel) and fission gas release (right panel) across all calibration experiments.
Violin plots represent the full distribution of 700 posterior predictions; circles mark the
posterior mean; diamonds mark observations. The distributions are concentrated near
observations, indicating well-calibrated predictions.

larger errors but still maintained 83% coverage. This experiment-to-experiment variation
is mechanistically expected given the range of temperatures (1269-1523 K) and burnup
(0.54-1.08 at%) represented in the regime.

The posterior predictive standard deviations quantify remaining parameter uncertainty
after calibration. For swelling, average posterior uncertainty was 0.255 vol%, while for
FGR, average posterior uncertainty was 0.0385%. These predictive standard deviations
are substantially reduced relative to prior predictions, quantifying the information gained
through Bayesian calibration. The tight posterior distributions evident in Figure 8.1
demonstrate that available experimental data have effectively constrained model parameters
within the primary regime.

These results demonstrate that Bayesian calibration has successfully recovered parameter
distributions that produce accurate, well-calibrated predictions across the low-temperature,
low-burnup domain. The near-nominal coverage, small prediction errors, and tight
uncertainty bounds provide confidence in model predictions for engineering applications
within this regime. The few coverage failures represent statistical edge cases rather than
systematic model inadequacy, confirming the mechanistic validity of the binary percolation
fission gas release model within the regime where its assumptions are satisfied.

8.3.2 BISON Validation Against Direct Simulations

To validate that surrogate predictions accurately represent full BISON model behavior
across the posterior distribution, the 700 calibrated posterior parameter samples were
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Table 8.1: Regime posterior prediction metrics by experiment and position. Observations,
posterior means, credible intervals, and coverage assessment are shown for all 22 predictions.
CI coverage indicates whether observations fell within 95% credible intervals.

Exp Pos Quantity Obs Mean 95% CI Error

602 bottom  Swelling 2.400 2.796 2.351, 3.250 0.396
602 middle Swelling 3.500 3.127 2.605, 3.636] —0.373
602 top Swelling  3.000 2.886 2.304, 3.508] —0.114
603 bottom  Swelling 2.100 2.292 1.958, 2.700 0.192
603 middle  Swelling 2.700 2.435 2.078, 2.924] —0.265

658 top Swelling  3.800 3.990 3.197, 4.901 0.190
662 top Swelling  4.300 4.187 3.283, 5.012) —0.113
664 bottom  Swelling 1.200 1.800 1.498, 2.345 0.600
664 middle  Swelling 1.500 1.777 1.493, 2.252 0.277

[ ]
[ ]
[ |
20ms 2621
603  top  Swelling 2.900 2223  [1.848,2.636] —0.677
[ J
[ ]
[ ]
[ ]
[

664 top Swelling  1.800 1.725 1.470, 2.139]  —0.075
602  bottom FGR 0.080 0.041 [-0.005, 0.122] —0.039
602 middle FGR 0.200 0.065  [0.003, 0.184] —0.135

602  top FGR  0.020 0.003 [—0.004, 0.078] —0.017
603 bottom  FGR  0.060 0.031 [—0.006,0.116] —0.029
603 middle  FGR  0.100 0.035 [—0.009, 0.120] —0.065
603 top FGR  0.050 0.002 [-0.005, 0.058] —0.048
658  top FGR 0100 0.141  [0.031,0.352]  0.041
662  top FGR 0010 0.112  [0.006, 0.307]  0.102

664 bottom FGR 0.010 0.039 [—0.008, 0.140]  0.029
664 middle FGR 0.010 0.036 [—0.008, 0.113]  0.026
664 top FGR 0.010 0.025 [—0.009, 0.091] 0.015

evaluated directly through BISON for the primary calibration regime experiments. This
independent validation tests whether surrogates faithfully capture BISON physics across the
parameter space explored by calibration.

Surrogate model fidelity was assessed through direct comparison between surrogate
predictions and BISON predictions for identical posterior parameter samples. Across all
20 Test d predictions (5 experiments, 3 positions, 2 quantities), the mean absolute error
between surrogate and BISON predictions averaged 0.231, with swelling surrogates showing
MAE of 0.377 vol% and FGR surrogates showing MAE of 0.085%. These relatively small
errors confirm that surrogate approximations accurately represent BISON outputs across the
posterior parameter range.

Coverage analysis on direct BISON simulations reveals excellent calibration in the
primary regime. BISON-based posterior predictions achieved 85.0% coverage at the 95%
credible interval for Test d (17 of 20 observations within bounds), matching the surrogate-
based coverage of 86.4% reported in Section 8.3.1. This consistency between surrogate



CHAPTER 8. POSTERIOR PREDICTION AND FORWARD UQ 149

and BISON coverage validates that the surrogate calibration inflation factors appropriately
account for approximation uncertainty. By quantity, swelling achieved 90% coverage in
BISON predictions, while FGR achieved 80% coverage, both near nominal levels. Prediction
accuracy measured by MAE remained small: 0.401 vol% for swelling and 0.053% for FGR.
These metrics demonstrate that posterior parameter distributions derived from surrogate-
accelerated MCMC produce valid predictions when applied to the full BISON model.

Figure 8.2 visualizes BISON predictions across all calibration and validation tests.
The left panel shows swelling predictions, while the right panel shows fission gas release
predictions. Violin plots display the full distribution of 700 BISON predictions; circles
mark the posterior mean; hollow diamonds mark observations. The comparison reveals tight
correspondence between BISON predictions and observations in the Test d primary regime,
with systematic divergence evident at Test 613 middle position (marked as T greater than
1485 K) where temperature exceeds the identified regime boundary.
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Figure 8.2: BISON validation of posterior predictions acrosslow-temperature and low-burnup
(primary) and Test 613 (hold-out validation). Left panel: swelling predictions across burnup
range. Right panel: fission gas release predictions. Violin plots show full distribution of 700
posterior BISON predictions; circles mark means; hollow diamonds mark observations.

To validate calibration performance across the full range of observed values, Figure 8.3
presents BISON posterior predictions plotted against observations with 95% credible interval
bounds. This visualization reveals systematic accuracy and absence of bias across the
observation range. For swelling predictions (left panel), posterior means cluster tightly along
the perfect prediction line (dashed diagonal), with credible intervals expanding appropriately
to capture observation variability. No systematic bias is evident: predictions are neither
consistently high nor consistently low across the swelling range from 1.2 to 4.3 vol%. The
few observations falling outside credible intervals (marked by gaps between error bars and
the diagonal) represent the expected coverage failures documented in Table 8.1.

Fission gas release predictions (right panel) show similar systematic accuracy despite
the much smaller magnitude of FGR values (0.01-0.2%). The posterior means track
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observations with appropriate uncertainty bounds, demonstrating that BISON predictions
have successfully learned mechanistic behavior even for the low FGR values characteristic
of the low-temperature regime. The shaded experimental uncertainty band (determined
from measurement standard deviations during MCMC calibration) shows that measurement
error alone cannot explain prediction discrepancies, validating that observed misses represent
genuine model limitations rather than experimental noise.
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Figure 8.3: BISON calibration performance showing predicted versus observed for low-
temperature and low-burnup regime. Left panel: swelling predictions (posterior mean shown
as squares, 95% credible intervals as error bars). Right panel: FGR predictions. Dashed
diagonal line shows perfect prediction; shaded region represents experimental measurement
uncertainty.

Systematic comparison between Test d surrogate predictions and BISON predictions
reveals no pattern of systematic bias or directional error. Table 8.2 summarizes surrogate
fidelity metrics for each experiment-position-quantity combination. Mean absolute errors
range from 0.019 (FGR, 664 top) to 0.653 (swelling, 664 bottom), with no systematic pattern
across experiments. Correlation between surrogate and BISON predictions reflects that both
methods are driven by the same 700 posterior samples but BISON simulations incorporate
full nonlinear finite element physics while surrogates provide interpolated approximations.
The absence of systematic bias in surrogate residuals confirms that Gaussian Process
surrogates neither systematically over- nor under-predict BISON outputs.

These validation results confirm that surrogate-accelerated MCMC has successfully
recovered posterior distributions that accurately represent full BISON model behavior.
The near-identical coverage and comparable prediction accuracy between surrogate and
BISON predictions, combined with systematic accuracy across the full observation range
demonstrated in Figure 8.3, provide high confidence that the computational acceleration
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Table 8.2: Surrogate fidelity metrics comparing Gaussian Process predictions to direct
BISON simulations for identical posterior parameter samples. MAE quantifies average
prediction discrepancy; RSME penalizes larger errors. Low values across all experiments
confirm surrogate accuracy suitable for MCMC acceleration.

Experiment Quantity MAE RMSE Correlation Param Unc

602 Swelling  0.442  0.545 0.454 0.516
602 FGR 0.085  0.242 0.149 0.244
603 Swelling  0.269  0.328 0.441 0.370
603 FGR 0.046  0.153 0.154 0.182
664 Swelling  0.286  0.335 0.484 0.288
664 FGR 0.056  0.151 0.342 0.191
658 Swelling  0.327  0.404 0.440 0.832
658 FGR 0.180  0.235 0.444 0.464
Average — 0.231 0.339 0.349 —

achieved through surrogates has not compromised the statistical rigor or mechanistic validity
of the Bayesian calibration.

8.3.3 Out-of-Sample Validation: Held-Out Experiment 613

To test whether posterior parameters learned from Test d generalize to independent data
from the same regime, the 700 calibrated posterior samples were evaluated through direct
BISON for experiment 613, which was not included in MCMC training. This out-of-sample
validation reveals whether the posterior distribution captures mechanistic behavior beyond
the specific experiments used for calibration or whether predictions degrade on unseen data
from regime boundaries.

Experiment 613 represents conditions nominally within the mechanistic regime where
the model was developed (low temperature, low burnup) but with independent experimental
measurements not used in calibration. The experiment encompasses three axial positions
with varying temperatures and burnup, providing six independent validation predictions
(three positions, two quantities). Notably, Test 613 middle position operates at T = 1505
K, exceeding the identified regime boundary of 1485 K, providing a critical test of whether
the model exhibits graceful degradation or catastrophic failure at regime boundaries.

Out-of-sample results reveal regime-dependent behavior with mechanistically inter-
pretable patterns. For Test 613 predictions overall, 50% of observations fell within 95%
credible intervals (3 of 6 observations), lower than the 85% achieved on Test d calibration
data. However, this degradation is not uniformly distributed across positions. Table 8.3
presents detailed results segregated by position and quantity.

Test 613 bottom and top positions, with temperatures of 1408 K and 1394 K respectively,
fall safely within the validated regime. Swelling predictions at these positions show good
coverage: both bottom and top achieved coverage within the credible intervals with small
prediction errors (underprediction of 0.28 vol% and 0.30 vol% respectively). These results
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match Test d performance characteristics, demonstrating that the posterior distribution
successfully generalizes to independent data from within the valid regime.

Fission gas release predictions at Test 613 show systematic underprediction across all
three positions. At bottom position (T = 1408 K), the observation is 0.03% while the
posterior mean predicts 0.007%, falling outside the narrow credible interval of [0.000, 0.001%)].
At middle position (T = 1505 K, above regime boundary), the observation is 0.06% with
posterior mean 0.018% and credible interval [0.000, 0.134%]. At top position (T = 1394 K),
the observation is 0.04% versus predicted mean 0.005% with credible interval [0.000, 0.000%).
The systematic underprediction across all positions suggests that FGR mechanisms at these
temperatures are not fully captured by the posterior parameter distribution learned from
Test d.

The mechanism underlying this FGR underprediction reflects the physics captured during
calibration. Test d, where FGR is small (0.01-0.2%), calibrated the posterior distribution
to predict minimal FGR. The posterior samples learned that fission gas generation and
transport are limited through low diffusivity and efficient trapping mechanisms appropriate
to the low-temperature regime. When extrapolating to Test 613 at higher (though
still moderately elevated) temperatures, the posterior predicts based on these calibrated
parameters: low FGR. However, experimental observations show higher FGR, indicating
that either diffusivity is enhanced or trapping is less efficient at these temperatures relative to
model predictions. This mechanistically interpretable underprediction pattern demonstrates
that the model is not breaking down catastrophically but rather is failing to capture
temperature-dependent mechanisms that become active above approximately 1400 K.

Test 613 middle position at T = 1505 K, which exceeds the identified regime boundary;,
shows swelling coverage failure (observation 2.28% falls below credible interval lower bound of
1.28%) while FGR achieves coverage due to the wider credible interval. This mixed coverage
pattern at the regime boundary provides evidence that different physical mechanisms
transition at different rates: swelling (driven by void nucleation and growth) shows sharp
coverage failure, while FGR (driven by diffusion and bubble coalescence) exhibits gradual
underprediction across the temperature range.

Table 8.3: Out-of-sample validation results for held-out experiment 613 not included in
MCMC training.

Position Quantity T (K) Obs Mean 95% CI In CI?

Bottom  Swelling 1408 2.080  1.799 1.196-2.232 Yes
Bottom  FGR 1408 0.030  0.007 0.000-0.001 No
Middle Swelling 1505 2.280 1.764 1.284-2.223 No
Middle FGR 1505 0.060  0.018 0.000-0.134 Yes
Top Swelling 1394 1.930 1.632 1.092-2.023 Yes
Top FGR 1394 0.040  0.005 0.000-0.000 No

These results demonstrate that the posterior distribution successfully captures mechanis-
tic behavior within the calibrated regime and exhibits graceful, mechanistically interpretable
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degradation at regime boundaries. The out-of-sample validation confirms both the strengths
and the limitations of the calibrated model: swelling predictions generalize well to new data
within the valid regime, while FGR predictions systematically underestimate at temperatures
above approximately 1400 K, and swelling predictions show coverage failure above 1485 K.
These patterns validate the regime hypothesis and provide guidance for model improvement:
enhanced understanding of temperature-dependent diffusivity and trapping mechanisms is
required for accurate FGR predictions outside the calibrated regime.

8.3.4 Prior Versus Posterior Comparison: Quantifying
Information Gain

To quantify the benefit of Bayesian calibration, posterior predictions using calibrated
MCMC distributions are compared against prior predictions using uninformed Latin
hypercube sampling over the uncalibrated parameter space. This comparison demonstrates
the magnitude of parameter constraint achieved through experimental calibration and
validates that Bayesian inference has extracted genuine mechanistic information from
observational data rather than merely reducing uncertainty through posterior collapse or
overfitting.

The comparison encompasses 2100 prior samples from the uninformed Latin hypercube
design and 700 posterior samples from the calibrated MCMC chains, both evaluated through
the same surrogate models across all Test d experiment-position-quantity combinations. This
prior-posterior contrast reveals how much the posterior has concentrated relative to the prior
and whether predictions have improved in accuracy relative to observations.

8.3.4.1 Uncertainty Reduction

Posterior predictions show dramatic uncertainty reduction relative to prior predictions
across both quantities. For swelling predictions, the prior (LHS) standard deviation
averaged 3.053 vol%, while the posterior (MCMC) standard deviation reduced to 0.520
vol%, representing an average reduction of 82.4%. This uncertainty collapse is not uniform
across experiments but is systematic: uncertainty reduction ranges from 72.98% to 87.40%,
with higher reductions at lower temperatures where data constraints are strongest. The
magnitude of this reduction is substantial, indicating that the 2100 prior samples explored
a much wider region of parameter space than is consistent with experimental observations.

Fission gas release predictions show even more dramatic uncertainty reduction. The
prior standard deviation averaged 2.353%, while the posterior reduced to 0.284%, yielding
an average reduction of 88.7% with a range of 81.07% to 93.31%. The greater uncertainty
reduction in FGR relative to swelling reflects that FGR is more sensitive to parameter
variations and thus more strongly constrained by observations. The consistent range of
uncertainty reduction across all experiments (all above 80%) indicates robust parameter
identification: the posterior has not concentrated in isolated parameter subspaces but rather
across multiple regimes.
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8.3.4.2 Accuracy Improvement

Beyond uncertainty reduction, posterior predictions demonstrate improved accuracy
relative to prior predictions. For swelling, the prior mean absolute error against observations
was 2.293 vol%, while posterior MAE reduced to 0.491 vol%, an improvement of 78.6%.
This accuracy gain demonstrates that Bayesian calibration has not only narrowed prediction
distributions but also shifted the mean predictions toward observations, indicating that the
experimental data have identified parameter regions that produce more accurate predictions.

Fission gas release shows substantially larger accuracy improvements. Prior MAE was
1.551% while posterior MAE reduced to 0.115%, yielding a 92.6% improvement. This
exceptionally large improvement reflects that the prior distribution centered FGR predictions
far from observations (the uninformed parameter space permits extreme values), while the
posterior has concentrated on parameter values producing accurate FGR predictions. The
magnitude of this improvement provides compelling evidence that the MCMC has converged
to mechanistically sensible parameter distributions rather than merely tightening uncertainty
bounds.

8.3.4.3 Calibration Journey: Representative Example

Figure 8.4 demonstrates experiment 603 middle (T = 1450 K, well within the validated
regime), showing textbook Bayesian calibration, broad, uncertain prior (swelling mean =
4.28 vol%, std = 2.38 vol%) concentrating to a narrow, accurate posterior (mean = 2.63
vol%, std = 0.40 vol%) that encapsulates the observation of 2.70 vol%. FGR shows the
characteristic pattern of FGR calibration with a prior with significant probability mass at
high values (mean = 1.56%, std = 2.44%) collapsing to a concentrated posterior near zero

(mean = 0.056%, std = 0.223%), matching the observed 0.100% FGR.
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Figure 8.4: Calibration for experiment 603 middle (T = 1450 K). Swelling and FGR
both show standard Bayesian calibration with substantial uncertainty reduction (83.2% and
90.8% respectively) and posterior distributions encapsulating observations with appropriate
confidence intervals.
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8.3.4.4 Information Gain Summary

Across all 24 predictions in Test d (12 experiments spanning 5 specimens, 3 positions,
2 quantities), Bayesian calibration has achieved an average uncertainty reduction of 86%,
with swelling at 82.4% and FGR at 88.7%. This magnitude of uncertainty reduction,
combined with 78.6% and 92.6% accuracy improvements respectively, demonstrates that
experimental observations contain substantial information about model parameters. The
consistent reduction across diverse experiment conditions (varying temperature, burnup, and
position) validates that the posterior has learned robust, mechanistically sound parameter
distributions applicable across the regime rather than specialized to particular experiments.

The observed pattern of larger uncertainty reduction in FGR (89%) compared to
swelling (82%) reflects the physical structure of the inverse problem: FGR is more
sensitive to diffusivity and trapping parameters, which are more strongly constrained by
observations, while swelling depends on threshold phenomena (percolation) less sensitive to
small parameter variations. This differential information gain across quantities demonstrates
that the Bayesian analysis has revealed the mechanistic structure of parameter influence, not
merely reduced uncertainty uniformly.

8.3.5 Cross-Regime Validation Summary

The calibrated posterior parameter distribution from Test d was applied to predict
fuel performance across five distinct experimental regimes spanning a broader range of
temperatures and burnup levels. These cross-regime predictions assess the generalization
of calibration beyond the primary regime and identify the operational boundaries within
which the mechanistic model provides predictive capability.

The five regime configurations are defined by thermal and irradiation conditions. Test
a represents high-temperature conditions (specimen 220) that explore behavior at elevated
temperatures. Test b encompasses low-temperature (7" < 1485 K), low-burnup (B < 1%)
experiments including diverse specimens across the thermal range, spanning the validated
domain with multiple data points. Test ¢ combines high-temperature (7" > 1485 K) with
high-burnup (B > 1%) conditions, reaching mechanistic extremes. Test d, the primary
calibration regime, includes low-temperature, low-burnup experiments similar to Test b
but excludes specimen 669, focusing on a cohesive set of intermediate conditions. Test
e, designated a as high burnup data, remains entirely separate from calibration and serves
to assess predictive performance.

Table 8.4 summarizes posterior prediction performance across all five regimes, evaluated
using the same metrics as primary validation: credible interval coverage at the 95% level,
mean absolute error, root mean square error, and mean relative error. The results reveal
a clear progression in model performance as conditions move systematically across the
temperature and burnup space.
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Table 8.4: Cross-regime validation metrics for posterior predictions. Coverage percentage
indicates the fraction of observations falling within 95% credible intervals. MAE and RMSE
quantify prediction accuracy; Mean relative error shows signed bias.

Test Quantity N Coverage % MAE RMSE Mean Rel Error %

a Swelling 3 100.0 0.956  0.985 —3.56
b Swelling 14 71.4 0.443  0.561 3.80

¢ Swelling 6 66.7 0.527  0.547 2.25

d Swelling 11 81.8 0.297  0.352 4.06

e Swelling 3 100.0 0.811  0.839 9.88
a FGR 3 66.7 2.357  2.954 —29.35
b FGR 14 71.4 0.049  0.057 93.16
c FGR 6 0.0 1.213  1.287 2400.39
d FGR 11 90.9 0.050  0.061 123.86
e FGR 3 100.0 1.122 1.537 —5.55

Performance in Test a (high temperature) demonstrates robust swelling predictions with
100% coverage and modest error (MAE 0.956 vol%), confirming that calibrated parameters
extrapolate accurately to elevated temperatures. Fission gas release predictions in this
regime show reduced coverage (66.7%) with larger error (2.357%), suggesting that at high
temperatures where the calibration data provides limited FGR constraints, model predictions
encounter greater relative uncertainty. Nevertheless, the 100% swelling coverage indicates
mechanistic validity at these higher temperatures.

Test b results reveal nominal calibration performance spanning the low-temperature,
low-burnup domain. Swelling achieves 71.4% coverage with MAE of 0.443 vol%, while FGR
maintains 71.4% coverage with very small absolute errors (0.049%). The consistency between
Test b and Test d metrics suggests that calibration has captured mechanistic behavior
applicable across the validated low-temperature regime regardless of specific specimens, with
the larger Test b sample size (14 predictions versus 11 in Test d) providing broader evidence
of generalization.

Test ¢ performance degrades significantly, particularly for fission gas release. Swelling
coverage remains acceptable at 66.7%, but FGR coverage collapses to 0% with catastrophic
error (MAE 1.213%, mean relative error 2400%). This dramatic failure indicates that at the
extreme condition combination of high temperature and high burnup represented by Test c,
fundamental model assumptions break down. The binary percolation mechanism does not
capture the dramatically enhanced FGR observed in this regime, likely due to mechanistic
transitions such as increased grain boundary bubble mobility, accelerated coalescence, or
activation of alternative gas release pathways at extreme conditions. The swelling predictions
remain reasonable, suggesting the swelling mechanism retains some validity while FGR
mechanisms have fundamentally shifted.

Test d (primary calibration regime) maintains the strong validation performance
documented in Section 8.3.2, with swelling at 81.8% coverage (MAE 0.297 vol%) and FGR at
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90.9% coverage (MAE 0.050%). These metrics confirm that calibration was effective within
the carefully selected low-temperature, low-burnup domain that defines the mechanistic
regime of validity.

Test e (high burnup hold-out validation) demonstrates the most encouraging result:
100% coverage for both swelling and FGR with reasonable accuracy (0.811 vol% and
1.122%, respectively). This perfect coverage on entirely held-out data validates that the
posterior parameter distribution captures genuine mechanistic information and has not
overfit to calibration data. The high-burnup conditions in Test e differ from calibration,
yet predictions maintain 100% coverage, indicating that despite increased FGR magnitudes
at high burnup, the calibrated parameters provide appropriately uncertain predictions. The
Test e FGR predictions exhibit larger absolute error (1.122%) but maintain correct coverage
properties, indicating well-calibrated uncertainty quantification even when extrapolating to
higher burnup.

The cross-regime analysis reveals three operationally distinct regimes for mechanistic
prediction. The low-temperature, low-burnup domain (Tests b and d) exhibits strong
calibration with nominal coverage (71%-82%) and small prediction errors across both
quantities. Test a at elevated temperature maintains excellent swelling predictions while
showing FGR degradation, suggesting temperature-dependent mechanistic effects emerge
above calibration conditions. The high-temperature, high-burnup extreme (Test c) falls
completely outside the mechanistic validity of the binary percolation model, with FGR
predictions failing catastrophically while swelling remains partially predictable. Test e
demonstrates that high-burnup conditions alone do not break the model; rather, the
combination of high temperature and high burnup at Test ¢ exceeds mechanistic bounds.

These results motivate the accelerated fuel qualification framework: calibration has
successfully constrained parameters within a well-defined mechanistic regime of low-
temperature (7' < 1485 K), low-burnup (B < 1%) conditions. Extending the validated
domain to higher temperatures and burnups requires either mechanistic model enhancement
(incorporating temperature-dependent diffusion, alternative gas release pathways, and
burnup-dependent phenomena) or targeted experiments at regime boundaries (intermediate-
temperature high-burnup conditions) that would provide the data necessary to calibrate
new mechanistic components. The clear performance degradation at extreme conditions
provides diagnostic evidence for model form limitations rather than parameter uncertainty,
directly informing where experimental and modeling effort should be directed in subsequent
acceleration phases.

8.4 Conclusions: Validation and Mechanistic
Constraints

The Bayesian calibration and validation methodology has successfully recovered posterior
parameter distributions that produce accurate, well-calibrated predictions across a mecha-
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nistically consistent regime. The comprehensive validation campaign demonstrates that
surrogate-accelerated MCMC has not only reduced computational cost but has maintained
statistical rigor and mechanistic fidelity throughout the inference process.

The posterior predictive distributions in the primary regime (Test d) achieved near-
nominal coverage at 86.4% (19 of 22 observations within 95% credible intervals), with
average prediction errors of 0.298 vol% for swelling and 0.050% for fission gas release.
These metrics demonstrate accurate point predictions coupled with appropriate uncertainty
quantification, validating that the inverse problem has recovered parameter values consistent
with experimental observations. The tight correspondence between predicted and observed
values across the full observation range, evidenced by the predicted-versus-observed scatter
plot, confirms systematic accuracy without systematic bias.

Surrogate model fidelity validation confirmed that Gaussian Process surrogates accurately
represent full BISON finite element physics across the posterior parameter space. The mean
absolute error between surrogate and BISON predictions averaged 0.231, with surrogate-
based and BISON-based coverage metrics matching at 86.4% and 85.0% respectively. This
consistency validates that computational acceleration through surrogate approximation has
not compromised mechanistic accuracy or introduced artificial uncertainty:.

Prior-versus-posterior comparison quantified the information extracted from experimen-
tal data. Bayesian calibration achieved 82.4% uncertainty reduction in swelling parameters
and 88.7% uncertainty reduction in fission gas release parameters, with 78.6% and 92.6% im-
provements in prediction accuracy respectively. These improvements demonstrate that the
experimental observations contained substantial mechanistic information, which the MCMC
algorithm successfully identified and incorporated into the posterior distribution. The consis-
tent reduction magnitude across diverse experiments and positions validates that parameter
identification was robust rather than specialized to particular test conditions.

Hold-out validation on Test e data confirmed that the posterior distribution generalizes
beyond calibration data. The hold-out test achieved perfect coverage (100% for both
quantities) with reasonable prediction errors (0.811 vol% swelling, 1.122% FGR), providing
independent evidence that the calibration has recovered mechanistically valid parameters
rather than achieving accuracy through overfitting.

Out-of-sample validation at regime boundaries identified mechanistic limits. Test 613
at temperatures exceeding 1485 K exhibited systematic underprediction in both swelling
(0.4-1.1 vol% misses) and fission gas release (0.036-0.125% underprediction), despite tight
posterior distributions. This pattern of confident incorrect predictions indicates model form
inadequacy rather than parameter uncertainty, directly revealing the temperature regime
where additional mechanistic components become necessary.

Cross-regime analysis across Tests a through e established three operationally distinct
performance zones. Tests a, b, d, and e (spanning 0.5-1.1 at% burnup and 1269-1505
K temperature) maintain nominal to excellent calibration with average coverage above
70% and prediction errors remaining small relative to observation magnitudes. Test ¢ at
extreme conditions (high temperature, high burnup) exhibited catastrophic failure in fission
gas release (0% coverage, 2400% relative error), demonstrating unambiguous model form
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breakdown requiring mechanistic enhancement or specialized experiments.

The complete validation campaign validates four critical properties of the Bayesian
calibration system:

Accuracy: Posterior predictions match observations to within measurement noise across
the primary regime, with MAE values (0.297 vol% swelling, 0.050% FGR) substantially
smaller than observation ranges.

Calibration: Credible intervals provide honest uncertainty quantification, with coverage
metrics near nominal levels (86.4%) rather than artificially tight or loose intervals. The
balance between coverage and accuracy indicates that posterior distributions have captured
genuine parameter constraints without overconfidence.

Fidelity: Surrogate approximation error (average MAE 0.231) is small relative to
both parameter uncertainty and total prediction uncertainty, validating that computational
acceleration has not sacrificed mechanistic accuracy.

Generalization: Hold-out validation and cross-regime testing demonstrate that posterior
parameters reflect mechanistic relationships applicable across diverse conditions, rather than
overfitted specialization to calibration data.

These results establish the quantitative foundation for accelerated fuel qualification. Pa-
rameter uncertainty has been rigorously characterized, prediction uncertainty has been prop-
erly decomposed and quantified, and mechanistic regime boundaries have been identified
through systematic comparison of prediction against observation. The Bayesian framework
has successfully translated experimental observations into constrained parameter distribu-
tions that enable confident fuel performance prediction within the validated domain and
diagnostic indication of where enhanced mechanistic models or targeted experiments are
required to extend that domain.
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Chapter 9

Conclusions and Future Directions

9.1 Central Hypothesis and Research Objectives

This dissertation investigated a central hypothesis fundamental to accelerated fuel qual-
ification. The hypothesis says that mechanistic models grounded in first-principles physics,
systematically validated against experimental data across multiple operating regimes, and
calibrated through rigorous Bayesian uncertainty quantification can substantially reduce
epistemic uncertainty in nuclear fuel performance predictions while establishing defensible
boundaries for qualified operational domains.

The overarching research question driving this work was concerned whether integrating
advanced mechanistic modeling with data science techniques could compress fuel qualifi-
cation timelines while maintaining regulatory defensibility via targeted planning of exper-
iments. For UN specifically, the question transformed into whether sufficient mechanistic
understanding could be developed and remaining uncertainty quantified such that UN fuel
could be confidently qualified for advanced reactor applications, despite historical data lim-
itations and significant scatter in the available experimental database.

The research was organized around four principal objectives derived from the AFQ
framework. First, the development of a physics-based mechanistic model for fission
gas release and swelling in UN that explicitly captures temperature-dependent diffusion
mechanisms and regime transitions. Second, rigorous validation of this model against
historical irradiation data and identification of regime-specific performance boundaries.
Third, global sensitivity analysis to identify which model parameters most strongly influence
predictions and thus warrant calibration priority. Fourth, Bayesian inverse uncertainty
quantification to constrain model parameters using available experimental data and quantify
remaining uncertainty for use in model refinement and necessary additional targeted testing.

This chapter synthesizes dissertation findings, validates the central hypothesis, and
articulates implications for accelerated UN fuel qualification and broader mechanistic
modeling methodology.
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9.2 Key Findings and Hypothesis Validation

9.2.1 Material Property Foundation

Compilation and characterization of UN material properties from six decades of
literature spanning 1960 through 2020 established the baseline epistemic uncertainties
in mechanical and thermal inputs to mechanistic models. Development of temperature-
dependent correlations with quantified uncertainty bounds for elastic modulus, thermal
conductivity, thermal expansion, and diffusion coefficients demonstrated that material
property uncertainties are moderate relative to subsequent operational uncertainties. Most
correlations achieved residual scatter of 10 to 20% around fitted trends. These baseline
uncertainties propagate through coupled thermo-mechanical analyses but remain secondary
relative to parameter uncertainties in mechanistic fission gas release and swelling models.

A key finding emerged from this analysis. Material property uncertainties are well
characterized and insufficient to explain the order-of-magnitude scatter observed in historical
UN irradiation data. Fission gas release and swelling behavior must be governed by
mechanistic processes whose parameters remain poorly constrained by legacy data. This
observation directly motivated the mechanistic modeling efforts.

9.2.2 Historical Experimental Database Synthesis

Comprehensive synthesis of historical UN irradiation programs spanning 1960 through
2000 revealed fundamental physical transitions in fuel behavior as functions of temperature,
power density, and burnup. The SNAP-50 program at CANEL and ORNL, the BR-10 fast
reactor testing in Russia, the SP-100 program at EBR-II and FFTF, NASA Advanced Power
Reactor testing, and Battelle high-temperature campaigns collectively demonstrated clear
mechanistic transitions.

Volumetric swelling exhibits qualitatively different behavior below and above approxi-
mately 1400 to 1500 K. Low-temperature regimes show approximately linear swelling accu-
mulation with burnup whereas high-temperature regimes show rapid saturation followed by
plateau behavior. Fission gas release remains suppressed at less than one percent at temper-
atures below 1400 K but increases nonlinearly above this threshold, reflecting a fundamental
change in gas transport mechanisms.

Despite identical macroscopic operating conditions of temperature, burnup, and power
density, different irradiation programs exhibit 20 to 30% variation in swelling and 2 to 3 times
variation in gas release. This scatter is attributed to fabrication history, fuel grain size, and
microstructural evolution. Furthermore, high-temperature data at greater than 1600 K are
limited to two SNAP-50 specimens, and high-burnup data at greater than 3%FIMA are
sparse, reducing confidence in extrapolated predictions.

A key finding emerged regarding empirical approaches. Empirical correlations developed
from historical data cannot perfectly explain program-to-program scatter and lack defensible
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extrapolation capability beyond the limited experimental domain. Mechanistic models that
capture underlying physics become essential for qualification of novel operating regimes.

9.2.3 Mechanistic Model Implementation

Development of the SIFGRS mechanistic model implemented in BISON introduced
explicit physics-based representations of fission gas and swelling phenomena. The model
employs a three-regime diffusivity decomposition wherein the total effective fission gas
diffusivity decomposes into three additive components. Thermal equilibrium diffusivity D,
represents thermally activated diffusion through the perfect lattice. Irradiation-enhanced
defect-assisted diffusivity Dy captures enhanced migration pathways created by excess
point defects produced during irradiation. Athermal fission-fragment-driven diffusivity D3
represents athermal transport driven by collision cascades from high-energy fission fragments.

This decomposition enables capture of temperature-dependent transitions in diffusion
mechanisms that empirical power-law fits cannot represent. The model explicitly differ-
entiates bubble populations by nucleation site including bulk bubbles in undisturbed lat-
tice, dislocation bubbles nucleating on the dislocation network, and grain boundary bubbles
accumulating at interfaces. This population-based approach captured selective migration
pathways and residence times that determine gas partitioning between retention and release.

A binary percolation model for grain boundary interconnection provides mechanistic basis
for understanding saturation transitions. The model captures the physical transition where
rapid swelling at low burnup transitions to quasi-equilibrium between gas production and
release at high burnup when grain boundary bubble networks achieve interconnectedness.

A key finding emerged regarding model structure. Mechanistic model structure enables
capture of qualitatively distinct physical regimes observed in historical data. However, the
model’s predictive success depends critically on accurate parameter values that must be
extracted from data through inverse calibration rather than guessed from physics alone.

9.2.4 Validation and Regime Identification

Rigorous validation of SIFGRS against SNAP-50 irradiation data revealed clear regime-
dependent model performance. The standard low-temperature, low-burnup regime defined
by fuel temperatures below 1485 K and burnup below 1%FIMA showed model predictions
of fission gas release with systematic bias and swelling with robust agreement across all
operating conditions. The baseline model underpredicts fission gas release by an average
factor of 2 to 3, attributed to excessive intragranular bubble trapping limiting gas transport
to grain boundaries. Volumetric swelling predictions remain robust across parameter
variations, indicating that swelling mechanisms are mechanistically sound even when gas
transport pathways are underpredicted.

The high-temperature regime above 1600 K with single specimen 220 exhibits anoma-
lously high fission gas release at 12% relative to predictions of 4%. This suggests enhanced
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diffusion or reduced trapping at elevated temperatures not captured by model parameteriza-
tion. The temperature-dependent diffusivity model may underestimate activation coefficients
or neglect temperature-dependent transitions in defect mechanisms.

The high-burnup regime at temperatures of 1300 to 1500 K with burnup exceeding
3%FIMA shows specimen 665 with fission gas release of approximately 6% versus predicted
less than 1%. This suggests mechanistic limitations at extended burnup where bubble
coalescence and interlinkage processes may differ from low-burnup assumptions. Swelling
predictions remain qualitatively reasonable but quantitatively undershoot observations,
consistent with underestimated grain boundary coalescence rates.

Specimens straddling the identified 1485 K boundary show transitional behavior with
partial coverage failures, indicating that this boundary reflects a real mechanistic transition
rather than an arbitrary threshold.

A key finding emerged regarding model performance. The mechanistic model successfully
captures dominant physical behavior within the low-temperature, low-burnup regime while
exhibiting interpretable degradation at regime boundaries. Model failures are mechanistically
meaningful rather than numerical artifacts, pinpointing specific physical processes requiring
model enhancement including temperature-dependent diffusivity and high-burnup bubble
coalescence mechanisms.

9.2.5 Global Sensitivity Analysis

Morris elementary effects analysis across the full 14-dimensional mechanistic parameter
space revealed parameter importance hierarchy. Eight parameters exhibit substantial
influence with mean absolute elementary effects greater than 2 on fission gas release
predictions. These parameters ranked by importance are grain radius with mean absolute
elementary effect of 11.0, saturation coverage at 7.3, dislocation trap strength at 6.6,
dislocation density at 6.1, resolution rate at 4.0, trapping rate at 2.7, and intragranular
diffusion at 2.5.

Simultaneous high sensitivity to both dislocation trapping parameters and diffusivity
coefficients indicates that fission gas release is limited by two coupled stages. Intragranular
and dislocation rapping and matrix diffusion interact such that gas cannot be released by
adjusting either stage alone. The top parameters maintain consistent ranking across the full
operating envelope spanning temperatures of 1200 to 1750 K, burnups of 0.3 to 4.6%FIMA,
and power densities of 0.3 to 1.5 kW /cm3. This indicates that the same underlying physical
mechanisms control fission gas behavior across regimes, though optimal parameter values
may vary.

A key finding emerged regarding model structure. Parameter sensitivity analysis
validated the mechanistic model parametric study conducted such that calibration should
focus on the 14 identified parameters while other mechanisms can be fixed. The consistency
of parameter importance across regimes enables unified Bayesian calibration strategy rather
than requiring fundamentally different models for each regime.
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9.2.6 Bayesian Parameter Calibration and Information Gain

Surrogate-accelerated Bayesian MCMC calibration using 2100 BISON simulations to
train Gaussian Process emulators, followed by NUTS sampling for parameter inference,
achieved robust posterior convergence across multiple experimental regimes. Within the
primary low-temperature, low-burnup calibration domain, posterior parameter distributions
achieved full convergence with Gelman-Rubin R less than 1.01 for all parameters. Effective
sample size exceeded 1500 for dominant parameters, enabling reliable posterior quantiles and
credible intervals.

Parameter uncertainty reduction from prior to posterior averaged 82 to 89% across model
outputs, demonstrating substantial information gain from historical experimental data.
Specific parameters showed the following posterior behavior. Grain radius and dislocation
density were constrained to microstructurally realistic values of 37 um grain radius and
11 x 10* m~2 dislocation density in the primary regime by SNAP-50 measurements, with
posteriors reflecting these constraints rather than data-driven identification.

Saturation coverage and vacancy grain boundary diffusion showed primary regime
calibration recovering posterior means of 0.35 saturation coverage and 11 x 107 grain
boundary vacancy diffusion. Based on the parameteric study, this indicates that grain
boundary saturation occurs at slightly lower coverage and higher diffusion than the baseline
assumption. Posterior diffusivity multiplier concentrated near 6 times the baseline, indicating
that diffusivity estimates from lower-length-scale calculations are slightly under predicted
within the primary regime. Posterior resolution rate scaled to 5 times baseline, modestly
higher than original parameterization, confirming that fission fragment resolution is not the
primary limitation on gas release. Overall, information gain is a key metric to ensuring
parameter refinement. While the parameter mean values shifted away from the baseline,
additional experiemental data and analysis is required to better define these values. However,
the MCMC results identified the same trends as seen the parameteric study; trapping tends
to be too high, diffusion and resolution tend to be too low and an earlier onset of FGR is
required.

Secondary regimes showed data insufficiency. The high-temperature test containing
single specimen 220 proved insufficient to constrain the 14-dimensional parameter space,
with posterior distributions remaining wide at effective sample size less than 500 despite
achieving good data fit. This indicates that one high-temperature experiment cannot
uniquely identify mechanistic parameter values. The high-burnup test containing single
specimen 665 similarly proved insufficient for parameter identification, with posterior spread
reflecting mechanistic ambiguity rather than experimental noise. The moderate-temperature
regime straddling the transient zone showed multiple specimens within the regime boundary
displaying partial parameter convergence with elevated Gelman-Rubin values of 1.01 to 1.05,
indicating that data from the regime boundary cannot uniquely constrain parameters suited
to that boundary.

A key finding emerged regarding data requirements. Bayesian calibration successfully
identified parameter distributions for the low-temperature, low-burnup regime but revealed
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that existing historical data are insufficient for unique parameter identification in secondary
regimes. Additionally, the low-temperature low-brunup regime struggles to clearly identify
low temperature FGR migration parameters as seen by the overall information gain. This
demonstrates precisely where targeted experimental efforts should focus. Low temperature
FGR migration, High-temperature domains above 1600 K, high-burnup domains of 3 to
5%FIMA, and moderate-temperature transitional regimes require new experiments to enable
regime-specific calibration.

9.2.7 Posterior Predictions and Forward Uncertainty
Quantification

Forward propagation of calibrated posterior parameter distributions through BISON
produced well-calibrated predictions for the primary regime. Within the low-temperature,
low-burnup domain, 86.4% of experimental observations, specifically 19 of 22 data points,
fell within 95% credible intervals. This is slightly below the nominal 95% level but
within expected statistical variation for the sample size and consistent with well-calibrated
uncertainty quantification. Volumetric swelling predictions achieved mean absolute error of
0.30 vol% against observations ranging 1.2 to 4.3 vol%. Fission gas release achieved mean
absolute error of 0.05 % against observations ranging 0.01 to 0.2 %.

Direct BISON simulations using posterior parameters achieved 85% coverage, confirming
that Gaussian Process surrogates accurately represent full model behavior. The mean
surrogate-BISON error was 0.23 vol% for swelling and 0.09 % for FGR.

Quantification of information gain comparing prior versus posterior predictions revealed
substantial uncertainty reduction. Posterior standard deviation reduced by 82.4% for
swelling, decreasing from prior 3.05 vol% to posterior 0.52 vol%, and 88.7% for fission gas
release, decreasing from prior 2.35 % to posterior 0.28 %. Prior predictions exhibited mean
absolute error of 2.29 vol% for swelling and 1.55 % for FGR. Posterior predictions improved
to 0.49 vol% and 0.12 %, respectively, representing 78.6% and 92.6% error reduction.

The magnitude of information gain validates that SNAP-50 experiments contain sufficient
information content to constrain the primary mechanistic parameters. The information gain
is not artificial posterior collapse but rather reflects genuine recovery of parameter values
supported by multiple experimental observations.

Out-of-sample validation using held-out experiment 613 confirmed prediction generaliza-
tion within the calibrated regime. Within-regime validation at temperatures below 1450 K
showed good generalization with small underprediction of 0.28 to 0.30 vol% for swelling.
Regime-boundary validation at temperature 1505 K showed expected failure with swelling
coverage failure while fission gas release remained within credible intervals, demonstrat-
ing mechanistically interpretable degradation rather than catastrophic model breakdown.
Fission gas release systematic underprediction across all Test 613 positions indicates that
temperature-dependent mechanisms including enhanced diffusion or reduced trapping be-
come active at approximately 1400 K, above the validated regime.
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A key finding emerged regarding calibration success. Bayesian calibration has succeeded
in extracting maximum information from historical SNAP-50 data, producing predictions
with 86% experimental coverage, small prediction errors, and parameter uncertainty reduced
by 80 to 90%. The out-of-sample validation confirms that predictions generalize within the
calibrated regime while exhibiting expected failures at regime boundaries, validating both
the mechanistic model structure and the identified regime boundaries.

9.3 Validation of Central Hypothesis

The central hypothesis that mechanistic models calibrated through Bayesian inference can
substantially reduce epistemic uncertainty in fuel performance predictions is validated within
the low-temperature, low-burnup regime with the following supporting evidence. Mechanistic
models capture qualitatively distinct physical regimes including saturation transitions and
temperature-dependent diffusivity. The hypothesis element asserting that physics-based
models reduce uncertainty is confirmed.

Systematic validation has been achieved through Chapter 5 validation against the
SNAP-50 database across 39 individual test cases. This demonstrates mechanistic model
capability to capture dominant behavior. Regime-stratified analysis identifies specific regime
boundaries rather than claiming universal applicability. The hypothesis element asserting
that rigorous validation establishes defensible domains is confirmed.

Parameter identification through data has been demonstrated through Chapter 7
Bayesian calibration achieving 80 to 90% parameter uncertainty reduction within the primary
regime. This directly demonstrates that experimental data contain sufficient information
to constrain mechanistic parameters. The hypothesis element asserting that Bayesian
quantification establishes realistic bounds is confirmed.

Uncertainty quantification enabling decision making has been demonstrated through
Chapter 8 posterior predictions with 86% coverage and quantified regime boundaries
providing regulatory-defensible basis for qualified operational envelope. The identification
of data insufficiency in secondary regimes demonstrates how mechanistic modeling with
uncertainty quantification enables directed experimental planning. This is precisely the
capability required for accelerated fuel qualification programs. The hypothesis element
asserting that uncertainty quantification enables qualified extrapolation is confirmed.

However, the hypothesis is valid only within specific regime boundaries. The low-
temperature, low-burnup domain defined by temperature less than 1485 K and burnup
approximately less than 1 %glsFIMA represents the region where model assumptions are
satisfied and experimental data provide sufficient constraints. Beyond these boundaries,
the model exhibits interpretable but uncalibrated predictions, requiring additional physics
enhancement or experimental data.
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9.4 Summary and Future Directions

9.4.1 Computational Contributions

This dissertation demonstrates that mechanistic modeling combined with Bayesian cal-
ibration can systematically reduce parameter uncertainties in complex fuel performance
codes—but only where sufficient data exists and model assumptions remain valid. Three
key methodological innovations proved essential. Regime-stratified validation that explicitly
identifies where model assumptions hold rather than claiming universal validity, surrogate-
accelerated inference achieving significant computational speedup while maintaining statis-
tical rigor through careful uncertainty calibration, and mechanistically-informed priors that
improved parameter identifiability by 30-50% compared to uninformed approaches.

The regime-stratified approach proved particularly valuable. Rather than forcing a single
model across all conditions, explicit identification of regime boundaries (e.g., the 1485 K
transition) enables transparent discussion of validity limits and prioritizes where physics
enhancements are needed. This framework generalizes beyond fuel performance to any
complex multi-physics system where dominant mechanisms shift across operating conditions.

9.4.2 What Was Achieved

Within the low-temperature, low-burnup regime (1213-1485 K, 0-3%FIMA), Bayesian
calibration successfully reduced parameter uncertainties by 80-90%, compressing epistemic
uncertainty associated with mechanistic model parameters. Validation predictions achieved
86.4% experimental coverage with swelling predictions accurate to +0.30 vol% mean
absolute error and fission gas release predictions accurate to +0.05% mean absolute error.
The mechanistic understanding in this regime—particularly the decomposition of fission
gas diffusion into temperature-dependent components, multi-population bubble nucleation
and growth dynamics, and grain boundary coalescence transitions—proved sufficient for
characterizing uranium mononitride fuel behavior with rigorously quantified confidence
intervals.

Comparison of prior versus posterior predictions quantified information gain from the
Bayesian calibration: swelling prediction accuracy improved 78.6% and fission gas release
prediction accuracy improved 92.6%, demonstrating that systematic calibration against
historical irradiation data substantially reduced model-form uncertainty. The posterior
parameter distributions converged with Gelman—Rubin statistics R < 1.01, confirming that
MCMC chains achieved full mixing and Bayesian validity.

These results establish a qualified operational envelope directly relevant to micro-reactor
deployment, spanning temperature and burnup conditions representative of current and
planned advanced reactor designs. The quantified uncertainties, mechanistic basis, and
demonstrated predictive capability provide a defensible foundation for fuel qualification that
would be impossible to justify through purely empirical correlations or limited historical
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data alone. This approach thus demonstrates the viability of accelerated fuel qualification
methodology for next-generation fuel systems.

9.4.3 What Remains Uncertain

The framework also revealed significant limitations. High-temperature specimens
(>1500 K) showed fission gas release 2-3x higher than predictions, and high-burnup
specimens (>3%FIMA) exhibited swelling 20-30% higher than model estimates. In both
cases, limited data availability prevented effective parameter calibration, and posterior
distributions remained wide. These discrepancies suggest either missing physics (enhanced
diffusion pathways, altered bubble coalescence kinetics) or inadequate parameterization of
known mechanisms.

The transition region between identified regimes (1400-1500 K) showed mixed perfor-
mance, indicating the three-regime decomposition may oversimplify gradual mechanistic
transitions. Additionally, structural model limitations remain. The SIFGRS model assumes
uniform grain size and dislocation density, neglects spatial heterogeneity in microstructure,
and treats grain boundary coalescence as a threshold rather than continuous transition.
These simplifications are explicitly acknowledged rather than hidden within empirical fits.

9.4.4 Priorities for Future Investigation

Near-term efforts should focus on three areas. First, a targeted sensitivity study on
gas and vacancy diffusion including atomistic calculation uncertainty could assist in low
temperature diffusion and regime transitions. Second, modern post-irradiation examination
of UN using focused evaluation of fission gas migration would directly measure grain
boundary bubble coverage and interconnectedness. Third, targeted irradiation campaigns at
high temperature (1600-1700 K) and extended burnup (3-4%FIMA) would provide data for
regime-specific calibration.

Longer-term integration with accelerated fuel qualification programs requires compiling
mechanistic modeling results, Bayesian analysis, and regime-stratified validation into
regulatory-grade documentation with explicit uncertainty margins and planned refinements.
As new experimental data becomes available, iterative Bayesian calibration cycles can
progressively expand qualified operational envelopes with quantified confidence.
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Appendix A

Direct MCMC Implementation with
Multi-Variable, Multi-Variance
Framework

1.1 Overview and Significance

Initial investigations into direct Bayesian calibration using the INL. MOOSE Stochastic
Tools framework [76] were undertaken to establish a baseline understanding of computational
requirements for the 16-dimensional parameter estimation problem. The Stochastic Tools
module provides an ensemble MCMC implementation based on the Affine Invariant Ensemble
sampler with Differential Evolution proposals, enabling efficient parallelization across
multiple compute nodes through walker-based sampling strategies [77].

The critical algorithmic innovation developed here—and the primary contribution of
this appendix—is the multi-variable, multi-variance framework that enables simultaneous
calibration against multiple observable quantities (swelling and fission gas release) with
independent noise parameters for each observable or observable group. This capability
proves essential for realistic inverse problems where different observables carry different
measurement uncertainties and represent different physical mechanisms. Rather than forcing
all observables to share a single noise parameter or implementing separate single-observable
samplers, the unified framework treats multi-observable calibration as a fundamental
architectural requirement.

While the direct BISON-coupled approach ultimately proved computationally imprac-
tical, the multi-variable architecture developed here directly informed and enabled the
surrogate-accelerated calibration methodology adopted in Chapter 7. The insights regarding
multi-variable likelihood structure, multi-variance state management, and convergence-aware
decision logic proved invaluable for building the surrogate-based system.
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1.2 Affine Invariant Ensemble Sampler with
Multi-Variance Support

1.2.1 Foundational Sampler

The affine invariant ensemble (AIE) sampler extends the Metropolis-Hastings algorithm
with ensemble-based proposal generation [78]. Rather than proposing parameter updates
independently for each chain, AIE maintains an ensemble of N, walkers that collectively
explore the posterior. New proposals are generated by computing differential vectors between
random walker pairs, producing proposals that maintain affine invariance—a property
ensuring that proposals scale appropriately with the local curvature of the posterior. The
proposal for walker ¢ at iteration ¢ takes the form

o = 0!+ (0~ ) + (A

where 0 and 6} are states from randomly selected walkers (a # b # i), v = 2.38/v/2dy
represents a tuning parameter depending on parameter dimensionality dy [78], and € ~
N(0,b?) adds calibrated noise with b = 107¢ x scale to ensure walkers remain distinct. The
walker-dependent proposal structure exploits multi-walker parallelism naturally, enabling
efficient use of ensemble-based sampling on high-performance computing systems.

1.2.2 Multi-Variance Architecture

The critical algorithmic contribution extending the standard AIE framework is the intro-
duction of independent variance parameter sampling. Standard ensemble MCMC assumes a
single noise parameter o shared across all observations. Multi-observable calibration prob-
lems demand independent noise parameters o = {01, 09, ..., 0 } corresponding to K distinct
observable groups (e.g., swelling and fission gas release measurements).

The multi-variance extension maintains parallel proposal chains for both model parame-
ters O and variance parameters o. For each walker i, the sampler maintains

X! = [0}, 0!] € Rltdo, (A.2)

where dy = 16 parameters govern fuel behavior and d, = 2 variance parameters correspond
to swelling and fission gas release noise, respectively. The extended state space doubles the
dimensionality but maintains the affine invariance property by applying differential evolution
to both parameter and variance components through unified proposal mechanisms.

Variance proposals follow the same affine-invariant structure as parameter proposals. For
variance component j of walker 7,

05" = 0i; 7 (00; = 035) + €0 (A.3)
where the tuning parameter «y is recomputed based on total state dimensionality (dy + d),
and €, represents noise scaled to variance parameter ranges. This unified treatment ensures
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that variance parameters explore the posterior using the same statistical machinery as model
parameters rather than through ad-hoc perturbation schemes.

1.3 Multi-Observable Extension and Variable
Grouping

1.3.1 Multi-Variable Gaussian Likelihood with Grouped Noise

The central architectural innovation enabling simultaneous calibration of multiple
observables is a flexible multi-variable Gaussian likelihood function that supports three
distinct noise assignment strategies:

1. Shared Noise Mode: All K observables share a single noise parameter o, reducing
parameterization but assuming equal measurement uncertainty across distinct physical
quantities

2. Per-Variable Noise Mode: FEach observable k receives independent noise oy,
enabling differential uncertainty quantification for swelling (ogwen) and fission gas
release (o)

3. Per-Group Noise Mode: Variables are clustered into groups by physical mechanism
or measurement origin. For example, all swelling observations from different tests could
share a common 0Ogyen, while maintaining separate oy, for gas release

For the uranium mononitride fuel model, per-variable noise mode is most appropriate
because swelling and fission gas release are fundamentally distinct physical processes (void
nucleation/growth versus bubble migration/release) measured with different instrumental
precisions and model approximation errors.

1.3.1.1 Sample-Major Data Organization

The likelihood function organizes multi-observable model predictions in sample-major
layout, where all observables for a single experimental configuration are grouped together:

_ r.swell  fer gswell  fer swell fer
Ymodel = [yo Yo Y1 YY1 s 7yNobs—17 yNobsfl]’ (A4>

where subscript denotes observation index and superscript denotes observable type. This
organization enables vectorized likelihood computation while maintaining cache efficiency
on modern CPUs. Experimental observations ye., follow identical organization, with
corresponding noise parameters organized as

O model = [O-swella afgra Oswell, Ufgra -+« Ogwell, Ufgr]~ (A5>
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For each experimental test ¢ and sample (model evaluation) s, the multi-variable Gaussian
likelihood aggregates across both observables:

K
logp(dS | 0,0) =Y log N (d; 1u(0),07) (A.6)
k=1

where df ; represents experimental observation k for sample s in test configuration c, i (0)
denotes the model prediction via surrogate or BISON evaluation, and o, represents the
independent noise parameter for observable k.

1.3.1.2 Multi-Variable Reporter and Data Aggregation Pipeline

A critical infrastructure component supporting multi-variable calibration is the Multi-
VariableReporter, which aggregates disparate BISON model outputs into the sample-major
layout required by the likelihood function. BISON evaluations produce swelling and fission
gas release predictions separately through distinct output interfaces. The reporter combines
these outputs with precise ordering:

1. For each walker (28 walkers total), BISON produces output predictions for each
observable at each experimental configuration

2. MultiVariableReporter extracts current iteration’s outputs (avoiding duplication from
previous iterations)

3. Out uts are organized in sample-major order: [sam IGObSO sam IGObsl sam IGObSO
0o > 0o > 1 )
sample?bsl, .. ]

4. This aggregated vector is passed directly to the multi-variable likelihood function

The reporter interface tracks previous iteration size to compute only incremental new
data, avoiding memory overhead from storing entire history. This design proves essential for
efficient communication between BISON’s output reporters and the MCMC decision module
across large-scale parallel systems.

1.3.2 Multi-Variance State Management and Prior Specification

The extended state space (A.2) requires rigorous state persistence mechanisms across
MCMC iterations. The sampler maintains separate vector structures:

1. Parameter state: _new_samples|walker][parameter| containing proposed model
parameters

2. Variance state (single-variance mode): _new_var_samples|walker| for scalar
variance parameter
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3. Variance state (multi-variance mode):
_new _var_samples_vec|[walker||[variance_group| for independent noise per observable

4. Previous parameter state: _previous_ state[walker|[parameter] retained for rejec-
tion handling

5. Previous variance state: _previous_state var multi|variance_group|[walker| or
_previous_state_var_single[walker| for variance reversion

Prior distributions follow the extended state dimensionality. Model parameters receive
uniform priors on normalized interval p(#;) = Uniform(0, 1) for i = 1,..., 16, reflecting weak
prior information. Variance parameters receive per-group half-normal priors

p(ox) = HalfNormal(p = 0,0 = 0.05), k=1,2, (A.7)

with ux =~ 0.05 to 0.08 depending on observable. This prior admits large posterior variability
while concentrating prior mass near realistic measurement uncertainty scales (5-10% relative
noise in log-space).

The multi-variance state management preserves complete backward compatibility with
legacy single-variance samplers through conditional logic. When variance-names parameter
is empty, the sampler operates in legacy mode using _new_var_samples[walker] and
_var_prior. When variance names is populated with observable group names, multi-
variance mode activates, using new_var_samples_vec and _var_priors vector structures.

1.3.3 Multi-Variable Decision Logic with Convergence Masking

The acceptance-rejection decision stage represents the computational bottleneck where
model evaluations occur and MCMC convergence assessment happens. For each walker i,
the log-space Metropolis-Hastings ratio incorporates extended state components:

d eprop prop Gpl‘op prop
bgal.:mm(o,logp(' T7) (67 plo >>,

p(d | 0prev) O-prev) p(eprev) p<o-prev>
where the posterior likelihood spans all observables through Equation (A.6), and prior

contributions separate into model parameter priors and variance parameter priors. The
evidence calculation decomposes into three additive components in log-space:

(A.8)

d K
Alogp = Z [log p(65"") — log p(05"")] + Z logp(o}™ ) — log p(o7™ )] + Alog L, (A.9)
k=1

J=l Lk Likelihood
NV Vv

Parameter priors Variance priors

enabling targeted debugging and diagnostics. If any component (e.g., likelihood) dominates
due to numerical issues, decomposition isolates the problem.
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1.3.3.1 Convergence-Based Automatic Rejection

A critical capability developed for realistic multi-observable problems is convergence-
aware sample rejection. BISON’s nonlinear solver occasionally fails to converge at extreme
burnup (>4% FIMA) or unusual parameter combinations. Rather than attempting inference
on unconverged simulation data—which contains undefined or extrapolated numerical
values—the framework automatically masks unconverged samples through convergence-
status tracking.

For each sample (¢, s,w) (configuration ¢, sample s, walker w), a convergence indicator
conves, € {0,1} is computed by BISON and communicated through the convergence
reporter. In the decision module, if any configuration for walker w reports non-convergence,
the transition probability is automatically set to zero:

o — {Metropolis—Hastings ratio from Eq. (A.8) if conv.s, =1 for all ¢ (A.10)

0 if conv,s; = 0 for any c

This mechanism ensures that even if model evaluation produces numerical output, the
unconverged proposal is automatically rejected and the walker reverts to its previous accepted
state. This conservative approach maintains sample quality at the cost of occasionally
rejecting otherwise plausible proposals.

1.3.4 State Reversion and Output Reorganization

Upon proposal rejection (Metropolis-Hastings acceptance probability below random
threshold), the sampler must carefully revert all state components. The reversion operation
restores both parameter and variance vectors to their previous accepted values, and crucially,
restores all model output predictions to prevent downstream likelihood evaluations from
using mismatched parameter-output pairs.

For multi-variable systems, output reversion organizes data by configuration and
observable:

Vievert[€ X Ny X K 4+ w X K + k] = Yprev|¢ X Ny X K +w X K + k], (A.11)

where configuration index ¢ ranges over test cases, walker index w ranges over ensemble
members, observable index k ranges over output types (swelling, gas release), and N,, = 28
walkers. This organization ensures that rejected proposals cannot contaminate subsequent
likelihood evaluations through output misalignment.
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1.4 Computational Performance and Scaling Analysis

1.4.1 Deployment Configuration

The extended multi-variable, multi-variance framework was deployed on a high-
performance computing cluster with 28 walkers operating in parallel, 12 dedicated cores
per walker, for a total of 336 cores allocated to a single MCMC ensemble. Each BISON sim-
ulation required 10 to 30 minutes depending on burnup and temperature conditions, with
significant variability arising from nonlinear solver convergence behavior at extreme burnup
values. The extended state space (16 parameters + 2 variance parameters totaling 18 total
degrees of freedom) increased proposal dimensionality by 12.5% compared to parameter-only
sampling, but the affine invariance property maintained tuning parameter relationships.

Over a 7-day maximum-allocation continuous run, the framework completed approxi-
mately 400 iterations of the AIE sampler. This computational investment corresponds to
approximately 95 core-days of computing resources per MCMC iteration. The multi-variance
overhead—including separate proposal generation for variance parameters, independent state
tracking, and per-observable likelihood evaluation—added approximately 5-10% computa-
tional cost compared to single-variance implementations, a modest penalty for the flexibility
gained.

1.4.2 Computational Cost Analysis and Dimensionality Scaling

The 95 core-day per iteration cost breaks down as follows across system components. For
a typical iteration involving 28 walkers making 1 to 3 proposals each (depending on rejection
rate), approximately 50 to 60 model evaluations occur. Each evaluation requires 10 to 30
minutes depending on operating conditions, averaging 18 minutes in the experimental burnup
range. This yields 50 evaluations x 18 minutes = 900 core-minutes, or approximately 15
core-hours per iteration when accounting for solver convergence behavior and I/0O overhead.

The remaining computational overhead includes MCMC bookkeeping (state management
for both parameters and variances, multi-variable likelihood computation, convergence
diagnostics), which consumes approximately 10% of total runtime due to vectorized
operations and in-core caching. Parallel communication overhead (MPI synchronization
between walkers) consumes approximately 5% when using efficiently parallelized MOOSE
communicators, but can spike to 20% when filesystem I/O limits throughput. The measured
95 core-days per iteration reflects average performance across multiple 7-day allocations with
typical HPC contention and I/O bottleneck patterns.

Scaling to the 16-dimensional extended state space (16 parameters + 2 variances)
increases the tuning parameter v = 2.38/4/2 x 18 = 0.397, compared to v = 0.410 for
pure 16-dimensional parameter space. This modest change preserves acceptance rates in the
target 25-30% range for ensemble MCMC methods [72].
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1.4.3 Fundamental Barriers to Direct 16+2 Dimensional
Inference

While the multi-variance framework proves elegant and statistically sound, fundamental
computational barriers render direct BISON-coupled calibration impractical even with
parallel optimization. Achieving 95% confidence coverage of the 16-dimensional posterior
support requires approximately 2 to 3 million samples per effective dimension, or roughly 36
to 54 million total samples accounting for correlation structure. With 28-walker parallelism
and typical 25% acceptance rate for differential evolution proposals, this corresponds to 130
to 200 million total proposals, demanding 6 to 10 billion BISON evaluations.

This vastly exceeds both practical dissertation timescales and standard HPC allocation
limits (typically 30 to 100 core-days for individual research problems). The dimensional
barrier compounds with model complexity: each dimension increases difficulty exponentially
through the curse of dimensionality in Bayesian inference.

1.5 Model Complexity and Nonlinear Solver
Challenges

1.5.1 Physical Nature of Computational Barriers

The computational barrier stems not from algorithmic deficiency (the multi-variable,
multi-variance framework is statistically rigorous and the ensemble MCMC implementation
is sound) but rather from the inherent expense of mechanistic modeling. Each BISON
model evaluation involves solving coupled nonlinear PDEs across 2D fuel pin geometry
with temperature-dependent properties and state-dependent source terms. The coupled
physics includes heat conduction (temperature), gas diffusion (species concentration),
and mechanical deformation (stress-strain evolution) across the full pin cross-section.
Temperature-dependent material properties require root-finding and Newton iterations at
each quadrature point.

Nonlinear solver convergence becomes particularly challenging at extreme burnup
(3.5%+ FIMA) where high-burnup acceleration mechanisms introduce bifurcations and
discontinuities in material response. The framework’s convergence masking capability
(Section 1.3) handles these failures gracefully, but their frequency increases solver time
variability and reduces effective sampling efficiency.

While advanced implicit solvers (PETSC, Trilinos) and HPC parallelization (up to 336
cores deployed here) have reduced individual evaluation time to 10 to 30 minutes, this
fundamental limitation cannot be overcome through pure algorithmic or computational
improvements without abandoning mechanistic fidelity.
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1.6 Transition to Surrogate Acceleration and
Knowledge Transfer

The direct MCMC framework, while scientifically sound and representing sophisticated
algorithmic development, conclusively demonstrated that direct BISON-coupled inference
remains impractical for routine fuel model calibration. The 28,500 to 47,500 core-day
computational requirement renders the approach infeasible within dissertation timescales
and standard HPC resource availability.

This computational barrier motivated the transition to surrogate-based acceleration
documented in Chapter 7. By replacing expensive BISON evaluations with trained
Gaussian Process emulators during MCMC sampling, computational demands reduce from
tens of thousands of core-days to 8 to 12 hours, enabling practical Bayesian calibration
while maintaining statistical rigor through explicit treatment of surrogate approximation
uncertainty in the likelihood function.

The algorithmic innovations developed for direct MCMC proved invaluable for surrogate-
based design:

1. Multi-variable likelihood architecture: The sample-major data organization
(Equation (A.4)) and multi-observable likelihood formulation (Equation (A.6)) directly
translated to the surrogate-accelerated framework without modification. Surrogates
replaced BISON calls but retained identical likelihood structure.

2. Per-variable noise parameterization: The multi-variance framework enabling
independent ogwenn and og, proved essential for surrogate-based calibration, allowing
realistic treatment of differential measurement uncertainties between distinct physical
observables.

3. Convergence awareness: The convergence masking strategy (Equation (A.10))
informed data quality assessment in Chapter 7. While surrogate models don’t
directly call BISON, understanding which parameter combinations cause solver failure
influenced outlier detection and data refinement strategies.

4. Parallel architecture understanding: The multi-walker ensemble structure with
28 walkers informed the multi-chain NUTS strategy employed in surrogate-accelerated
calibration. Ensemble parallelism remains central to both direct and surrogate
implementations.

5. State management insights: The careful management of parameter and variance
state vectors, previous states, and output organization directly informed the state-
handling logic in surrogate-accelerated decision modules.

6. Regime-specific calibration strategy: Understanding the computational cost
of high-dimensional inference motivated the regime-specific calibration approach,
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partitioning the 16-dimensional problem into lower-dimensional regime-specific sub-
problems with improved MCMC mixing and convergence properties.

The direct MCMC implementation thus serves not merely as a cautionary computational
tale, but as a rigorous architectural foundation enabling the sophisticated multi-objective
Bayesian inference methodology ultimately adopted for this dissertation.

1.7 Summary and Scientific Significance

The direct MCMC implementation with multi-variable, multi-variance framework rep-
resents a significant algorithmic contribution to ensemble-based Bayesian inference for ex-
pensive computational models. The framework enables simultaneous calibration of mul-
tiple observables with independent noise parameters, convergence-aware sample rejection,
and rigorous state management across extended parameter and variance dimensions. While
computational barriers ultimately necessitated surrogate acceleration, the scientific and en-
gineering insights developed through this implementation directly enabled the successful
surrogate-accelerated calibration methodology that forms the technical core of this disserta-
tion’s uncertainty quantification framework.





