Data-driven methods for diffusivity prediction in nuclear fuels
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The growth rate of structural defects in nuclear fuels under irradiation is intrinsically related
to the diffusion rates of the defects in the fuel lattice. The generation and growth of atomistic
structural defects can significantly alter the performance characteristics of the fuel. This alteration
of functionality must be accurately captured to qualify a nuclear fuel for use in reactors. Predicting
the diffusion coefficients of defects and how they impact macroscale properties such as swelling,
gas release, and creep is therefore of significant importance in both the design of new nuclear fuels
and the assessment of current fuel types. In this article, we apply data-driven methods focusing
on machine learning (ML) to determine various diffusion properties of two nuclear fuels—uranium
oxide and uranium nitride. We show that using ML can increase, often significantly, the accuracy of
predicting diffusivity in nuclear fuels in comparison to current analytical models. We also illustrate
how ML can be used to quickly develop fuel models with parameter dependencies that are more
complex and robust than what is currently available in the literature. These results suggest there

is potential for ML to accelerate the design, qualification, and implementation of nuclear fuels.

I. INTRODUCTION

Atomistic structural defects influence and alter the
macroscopic properties of nuclear fuels and materials [1].
Macroscopic changes, such as volumetric swelling, gas re-
lease, and creep, can in turn give rise to alterations of the
functionality of the fuel in a reactor. Therefore, devel-
oping theoretical methods to predict the growth rates of
atomistic point defects and defect clusters is of signifi-
cant importance in the design and qualification of fuels
and materials that are used in reactors. The growth rates
of defect clusters are governed by the diffusivity of their
constituent point defects. This is because the rate at
which defects move through the fuel lattice strongly in-
fluences how quickly those defects combine to form larger
defect clusters. Predicting the diffusion properties of de-
fects in nuclear fuels under reactor conditions is, there-
fore, an important research focus in reactor design and
safety and surety analysis.

There are two primary theoretical approaches that are
applied to determine diffusion properties in nuclear fuels:
(1) deriving empirically-motivated analytical functional
forms and fitting those forms to existing experimental
data and (2) extracting diffusion coefficients from atomic
scale calculations and simulations combined with rate
theory approaches. One simulation method that is com-
monly applied to understand and predict defect growth
in irradiated materials is cluster dynamics [2-8]. Clus-
ter dynamics is a mean-field method that tracks the time
evolution of concentrations of point defects and defect
clusters [9]. Diffusivity predictions are generated from
cluster dynamics simulation data by combining the pre-
dicted defect concentrations with mobility data. Empiri-
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cal analytical models provide ease of use, transferablilty,
interpretability, and are computationally simply to eval-
uate. However, they typically have a limited range of ap-
plicability with respect to variation of reactor conditions
and often do not capture the salient features of diffusion
processes at a quantitative level. Atomistic calculations
combined with rate models for defect evolution, often
under nonequilibrium conditions [10, 11], can be used
to provide high-level predictions of diffusion coefficients
[9, 12, 13] in irradiated materials. However the process
to construct, parameterize, calibrate, and test atomistic
and cluster dynamics models can be time-consuming.

In this article, we develop a data-driven workflow to
predict diffusion properties of nuclear fuels. This work-
flow focuses on the application of machine learning (ML)
methods to predict diffusion coefficients of various chem-
ical species, defect types, and defect clusters. Machine
learning is a broad term that typically defines a set of nu-
merical methods that are applied to construct unknown
model functions using existing data to train the ML pro-
cess [14, 15]. ML methods have had a history of success
in the fields of chemistry, physics, and material science
[16-22]. In these fields, ML is often performed by train-
ing numerical models through the application of a spe-
cific learning algorithm to data from high-level electronic
structure calculations or experimental data. Because ML
uses existing data, it represents a powerful compliment
to existing methods and not a replacement. ML methods
can greatly reduce the amount of experimental data or
simulation data needed to address a problem, allowing
the prediction of properties of a material without run-
ning a computationally-expensive molecular simulation
or performing an experiment. ML also allows for the
development of models that capture more complex pa-
rameter dependencies than traditional models.

The nuclear engineering/physics community has
started to adopt ML methodologies in the study of nu-
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FIG. 1. Schematic representation of the data-driven workflow
developed in this work.

clear reactors and the nuclear fuel cycle [23-28]. Histori-
cally, these are research areas in which both experimental
and simulation data is scarce and laborious to generate.
Some noteworthy examples of applications of ML in nu-
clear engineering include: the prediction of properties of
light water reactors [24], nuclear criticality safety analysis
[26], and thermal conductivity prediction [27]. Given the
previous success of ML in chemistry, physics, material
science—and now nuclear engineering— it is promising
to expand the utility of ML techniques within the nu-
clear fuels discipline.

The two specific nuclear fuels examined in this work
are uranium oxide UQOs and uranium nitride UN—the
former is an established nuclear fuel and the latter has
been not as widely used, although it is a promising can-
didate for a variety of advanced reactors due to its high
thermal conductivity and U density. [29-31]. The dif-
fusion datasets used to train ML processes are obtained
from three sources: experimental results taken from the
literature, atomistically-informed cluster dynamics sim-
ulations, and data augmentation methods that are ap-
plied to expand small experimental datasets. There are
a number of recent studies on the diffusion properties
of UO2 [9, 12, 32-34]. The data in these studies, and
other experimental work [35-38], can be used to validate
and calibrate the developed models. There is less avail-
able information and data for UN in comparison to UOs.
There are, however, several small datasets available for
self-diffusion and fission gas diffusion in UN [29-31, 39—
44]. We examine these fuels under irradiated and non-
irritated conditions.

The primary goal in this paper is to demonstrate the
application of ML to predict diffusivity behavior in nu-
clear fuels. The workflow for this project is shown in
Fig. 1. Experimental diffusion data is used to train ML
processes directly and is also fed into data augmentation
algorithms to expand small datasets. The experimental
data and augmented data are coupled with data gen-
erated using molecular simulations, specifically cluster
dynamics simulations. The baseline parameters in the
cluster dynamics model, informed by atomic scale cal-
culations and simulations, are generated based on DFT
and empirical potentials [45]. Those baseline parame-
ters are then calibrated self-consistently by creating a
feedback loop between the ML program, the molecular
simulations and experimental data used for calibration.
Note the range within which the parameters are allowed
to change is based on the inherent uncertainty of the
atomic scale simulations. The target of this process is to
generate diffusivity data from cluster dynamics simula-
tions that agree with experimental results. The overall
output of this workflow is a set of calibrated diffusivity
models built by merging data from simulations and ex-
periments.

The remainder of this article is organized as follows:
Section IT contains an introduction to the methods used
to examine and predict diffusion coefficients in nuclear
fuels. An overview of the available experimental data
is also given. In Section III, the results of the ML dif-
fusion models are presented. Section ITTA focuses on
fission gas diffusion and self-diffusion in uranium oxide
and Section III B focuses on various diffusion properties
of uranium nitride. Conclusions and future directions are
discussed in Section IV.

II. METHODOLOGIES AND DATA
A. Machine Learning

ML methods are typically applied to construct un-
known model functions using existing data to train the
ML process [15]. The general objective in supervised ML,
which is the method used here, is to take a collection of
input data (sometimes called features) and correspond-
ing output data (sometimes called labels) and develop a
function f that accurately maps the input data to the
output data. The term supervised ML means that for
every set of features & there is a corresponding label y.
Described in mathematical terms, given a set of k fea-
tures and a labelled dataset of size n, the general goal
of ML is to take the input data X = {&1,7s,...,%,}
where 71 = {xil),azgm, . ,xgk)} and corresponding out-
put data y = {y1,¥2,...,Yn} and develop a function f
that accurately maps the input data to the output data:

f:RF SR (1)

In the context of diffusion models developed here, the
feature vector & will consist of properties such as tem-



perature, partial pressure, and fission rate and the out-
put will be a diffusion coefficient for a specific defect or
chemical species. The goal of training a ML process is
to develop a mathematical model using available data so
that when new data is used as input the model gener-
ates an accurate output. In most ML applications, the
developed function f takes a highly complex functional
form that does not correspond to a simple and sparse
analytical expression.

ML is commonly performed by separating available
data into two subsets—training data and testing data.
The training data is used to build the model, i.e., to train
the ML model, and the testing data is used to quantify
the predictive accuracy of the model. The testing data
is not used in the model construction and is only used
to test and quantify the model. A typical split between
training and testing data is 80:20 meaning that eighty
percent of the data is used for training and twenty per-
cent for testing. An 80:20 training/testing ratio is used
in all the ML models presented in this work.

There are multiple ML methods that can be used to
construct the function f. Two well-known approaches
are kernel methods and neural networks [14]. Neural net-
works are data-hungry methods that perform best when
the size of the dataset used for training is large [46]. In
the context of diffusion in nuclear fuels, the available
datasets are typically small and therefore kernel methods
are expected to perform better for these cases. The spe-
cific ML package we use to perform the ML procedures
is Scikit-learn [47]. In this work, we illustrate data-
driven ML methods to determine diffusion of various de-
fects and species in uranium oxide and uranium nitride.
The data used to train the ML processes comes from two
primary sources: experimental datasets extracted from
the literature and molecular simulations.

B. Experimental Data

The experimental diffusion datasets used as training
data for the ML processes are taken from literature
sources. Table I is a list of the datasets. In most cases,
the experimental data was given in tabular form in the
original papers. If the numerical values of the data were
not listed in a table in the original papers, and were
only shown in graphical figures, the data was digitally
extracted from the figures using the WebPlotDigitizer
program. It is important to note that the diffusion data
in Table I was collected over several decades and that
the experimental techniques used to collect the data are
varied, therefore the quality and accuracy of the datasets
also vary.

C. Cluster Dynamics Simulations

Molecular simulation methods can be applied to gen-
erate diffusivity data for nuclear fuels [9, 12, 34]. Here,

cluster dynamics simulations are used to generate diffu-
sion coeflicients for various defect types in the respective
fuel. Implementing the cluster dynamics method con-
sists of parameterizing and then solving a typically large
system of nonlinear coupled ordinary differential equa-
tions, where each equation in the system describes the
time evolution of a specific defect type.

The cluster dynamics code CENTIPEDE [9, 12] was ap-
plied to incorporate physical parameters for the nuclear
fuels and to solve the defect evolution equations. Details
about the CENTIPEDE code and the physics behind it can
be found in Ref. 9. In a CENTIPEDE simulation, the con-
centration cg of every defect type d is tracked in time
through a differential equation of the form

dey . .

o Ba + ; Ry (ca,cqaryDa, Do, T, G)
. (2)
- Z Sd,s(cda Cs, Dda T7 G)7

whereﬂd is the generation rate of defect d due to irradia-
tion, Rq 4 is the reaction rate between defect types d and

d', and S'(LS is the sink rate between defect type d and
sink type s. The sums in Eq. (2) are taken over all defect
types (self-inclusive) and all sink types. The reaction and
sink rates depend on the free energy of the system G and
temperature of the system 7. The reaction rate between
defect types d and d’ also depends on the concentrations
of each defect and the diffusion coefficients Dj and Dy of
those defects. We are primarily interested in solving for
the steady-state concentrations with constant source and
sink strengths, which are found when the rate of change
of the concentration vanishes ( %‘l = 0) up to some nu-
merical precision for all defect types (See Refs [9, 12, 45]
for more details on CENTIPEDE implementations of UOs3).
Once the concentration of point defects and clusters have
been determined, self-diffusion and Xe diffusion can be
obtained as the sum over the product of the relative con-
centration of each defect contributing to diffusion of a
species and its mobility.

III. RESULTS
A. Uranium Dioxide

The generation and subsequent diffusion of fission gas
in UQOy impacts fission gas release and swelling, which,
in turn, impact fuel performance [12]. Turnbull et al.
have reported measurements for Xe diffusion coefficients
in UO5 under irradiation over the approximate tempera-
ture range 500K — 1700K [35]. Fig. 2 shows the Xe diffu-
sion coefficient in UO; as a function of temperature—the
red circular markers represent the Turnbull data. An-
alytical models have been previously developed to pre-
dict the Xe diffusion coefficient at various temperatures
and under various irradiation conditions. Two analytical
models are the Matthews model [12] and the Forsberg



TABLE I. List of experimental diffusivity datasets used in this work

Dataset Fuel | Species T(K) p(atm) # of data points| Ref.
Turnbull et al. UO2| Xe ~ 500 — 1700 po,= NA 34 35
Miekeley and Felix UO2| Xe |~ 1200 - 2000 po,= NA 32 36
Davies and Long UO2| Xe fit only po,= NA fit only 37
Matzke UN| N |~ 1500 —2300] pn,= NA 36 39, 40
Holt and Almassy UN N ~ 2050 — 2300| pn, ~ 0.01 — 0.8 12 41
Sturiale and DeCrescente[48]| UN N |~ 1800 —2400| pn, ~0.13 27 42
Reimann et al. UN U ~ 1875 — 2150 |pn, = 1071 -0.6 30 43
B ] l}ighly. correlated [_51, 52] Scikit-learn speciﬁcallly uti-
= == Analytical model (Matthews) R lizes ridge regression with linear least squares with Lo-
= == Analytical model (Forsberg) . norm regularization. In some ML methods and applica-
- === MLfit R 7 tions, raw data must be transformed via a feature map
®  Experimental data (Turnbull 0 into a feature vector representation. Kernel methods,
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FIG. 2. Xe diffusion coefficient in UO5 as a function of tem-
perature. The red points are experimental results from Turn-
bull et al. [35]. The solid blue curve is the ML result. The
dashed red and dashed black curves are, respectively, results
of the analytical models of Matthews et al. [12] and Forsberg
and Massih [49].

model [49], which is based on the original development
by Turnbull et al. [35]. The details of these models are
found in the Appendix. In Fig. 2, the Matthews model
is shown as a dashed black curve and the Forsberg model
is shown as a dashed red curve. Both analytical models
are in agreement with the Turnbull data over most tem-
peratures, but the Matthews model overestimates and
the Forsberg model underestimates Xe diffusion at high
temperatures. The parameters in the Matthews model
are obtained by fitting to the results of cluster dynamics
simulations performed using the CENTIPEDE code, not
by directly fitting to the Turnbull data. Therefore, some
discrepancy between the data and the model is expected.

As proof of concept that ML can be used to improve
the predictive accuracy of existing analytical models, we
used the Turnbull data to train a ML process to predict
the Xe diffusion coefficient. The specific ML method used
was kernel ridge regression (KRR), a method which com-
bines ridge regression with the so-called kernel trick[50].
We implemented KRR using the Scikit-learn [47] soft-
ware package. Ridge regression is a method for ap-
proximating the coefficients of several multiple-regression
models which works well if the independent variables are

through the use of kernel functions, can circumvent the
need to directly calculate feature vectors, which can be
computationally expensive. These methods achieve this
by calculating the inner products between each image
pair within the feature space [53].

The predictor function (the unknown function to be
approximated) in KRR can be expressed as:

f(@) = Z ;K (&, T7), (3)

where K(Z, Z;) is the so-called kernel which can be chosen
to take various functional forms depending on the proper-
ties of the data being analyzed; a polynomial kernel and
radial basis function kernel [54] are used in this work.
The elements a; in Eq. 3 are taken from the matrix,

a=(K+ )y, (4)

where K is the kernel matrix with elements given by
K, ; = K(&;,%;), I is the identity matrix, A denotes a
regularization parameter in the ridge regression method
that puts a penalty on the weights in order to reduce
the variance of predictions, and y represents the target
matrix.

The ML result for Xe diffusivity generated by training
a KRR process is shown as a blue curve in Fig. 2. The
ML result is in strong agreement with the experimental
results over the entire temperature range of the Turnbull
data. The dip in the ML model at ~ 800K is a result of
variance in the data used to train the ML model, not a
change in the diffusion mechanism. This proof of concept
example illustrates the power of ML to quickly generate
models that accurately capture important trends in dif-
fusion data. When a ML model is trained using the Turn-
bull data, there is large variance in the model depending
on which points are randomly assigned as testing data
and training data. To mitigate this variance, we devel-
oped a data augmentation approach to artificially expand
the Turnbull dataset, and, therefore, reduce variance in
the ML model. The results presented in Fig. 2 use this
data augmentation method, which is described in detail
below.
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FIG. 3. The concave hull of the Turnbull et al. data is shown
in solid black. The black dots are augmented data and the
red points are the Turnbull experimental data.

Large datasets are typically used to train ML models
(e.g., neural network models). This highlights the tradi-
tional connection between big data and machine learning.
However, in context of diffusion properties of nuclear fu-
els, there is often limited experimental data available. In
the situations in which the available data is limited, per-
forming ML can result in models with large variances and
uncertainties. To mitigate these problems, a data aug-
mentation technique has been developed to artificially ex-
pand the small available datasets. This approach shares
similarities with density estimation methods [55] but is
more specifically tailored to solve the problem of fission
gas diffusivity in nuclear fuels. The core of this approach
is to use the geometric size of the experimental dataset
used as training data to estimate the variance of the data
and the density of the experimental data to estimate the
mean of the data, and then to generate augmented data
by randomly sampling new datapoints from a distribu-
tion that uses the estimated variance and mean.

The first step in the augmentation process is to con-
struct the concave hull (a boundary over the dataset)
of the data. The concave hull of the Turnbull data is
shown in Fig. 3. The Turnbull data consists of diffusiv-
ity data as a function of temperature—the concave hull
of the data OH bounds the data. At a specific temper-
ature T, augmented datapoints are generated by sam-
pling from a normal distribution N (u(T"), W(T)) where
wu(T) is the distribution mean which is extracted from
the hull density and W(T) is the width of the hull. The
hull width is defined by drawing a vertical line at tem-
perature T, and noting that the line intersects the hull
boundary twice, once at a higher diffusion value 0Hy (T)
and once at a lower diffusion value OHy,(T"). The width
is W(T') = OHu(T) — OHL(T). The mean is constructed
w(T') from a spline interpolation across the data.

To generate an augmented datapoint, a random tem-
perature is sampled from a uniform distribution over the
desired temperature range, here 300K — 2100K. At the
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FIG. 4. Xe diffusion coefficient in UO2. The red points are
experimental results. The dashed black curve is the analytical
model of Matthews et al. [12] and solid red curve is Matthews
model parameterized using augmented data. Note that the
Matthews model is not fit directly to the Tunbull data, so,
here, the primary conclusion is the utility of PIML in the
context of fitting to new data sources.

sampled temperature, a sample is drawn from the nor-
mal distribution N'(u(T), W(T)). That sample is an aug-
mented diffusion value at the specified temperature. We
then iterate over this process until the desired number
of augmented datapoints are generated. After perform-
ing data augmentation and training the ML model on
the augmented data, the variance in the model develop-
ment is reduced. The black dots in Fig. 3 are augmented
data. When the variance in the Turnbull data is small,
the variance in the augmented data is also small. Simi-
larly, when the variance in the data is large, the variance
in the augmented data is also large. This illustrates how
developed data augmentation method captures trends in
the variance of the training data.

The kernel-based ML approach can be applied to gen-
erate accurate models for diffusion data, but it does not
explicitly encode any fundamental physics in the fitting
process. Explicitly encoding physics into ML models can
be advantageous for situations in which the ML model
is used to make predictions outside of the boundaries of
the training data, i.e., when the ML is used for extrapo-
lation. One way that physics principles can be encoded
into an ML model is to use Physics-Informed Machine
Leaning (PIML) methods [56]. Fig. 4 shows the result of
a PIML model that is developed by reparameterizing the
Matthews analytical model using augmented data gener-
ated from the Turnbull dataset. The PIML agrees well
with the experimental data across all temperatures. One
advantage of the PIML method over the kernel-based ML
model is that it captures both the high and low tempera-
ture trends outside of the boundaries of the experimental
data, similar to the Matthews analytical model [12].

The accuracy of ML models can be compared with the
analytical models to quantify any improvement in predic-
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FIG. 5. Root mean square deviation of various models for the
Xe diffusion coefficient in UO2. The experimental data used
to calculate the RMSD is from Turnbull et al. [35].

tive accuracy that can be gained using data-driven meth-
ods. The root mean square deviation (RMSD) for the
four methods/models described previously (taken with
respect to the Turnbull data) is shown in Fig. 5. The ML
result gives the lowest error and the PIML gives the sec-
ond lowest error. Both data-driven approaches increase
the predictive accuracy for Xe diffusion in comparison
to analytical models. Compared to the Matthews model
and the Forsberg model, the kernel-based ML approach
reduces the error by approximate factors 1.7 and 1.5, re-
spectively. The PIML method reduces the error by a
factor 1.3 in comparison to the Matthews model and a
factor 1.2 in comparison to the Forsberg model. Note
that all the models including the analytical models per-
form well for Xe diffusion in UQs. This can be observed
qualitatively in Figs. 2 and 4. Therefore, while the data-
driven models do provide improvements in predictive ac-
curacy for well-studied fuels such as UO5, we anticipate
the primary use of these methods will be when modeling
lesser-studied fuels.

1. Multi-Dimensional Diffusion Models

ML can also be applied to construct multidimensional
diffusion models of the form D(T, F') which capture the
dependence of Xe diffusion on the fission rate F in the
material in addition to capturing trends in the tempera-
ture dependence. Fig. 6 shows the results of a KRR ML
process in comparison to the irradiated Turnbull data
and the nonirradiated (F' = 0) data of Miekeley and Fe-
lix [36]. The ML model is trained on augmented data
generated from these datasets. The ML prediction is in
strong agreement with the experimental datasets over all
examined temperatures and accurately captures the ir-
radiation behavior. This illustrates the ability of ML to
accurately capture trends in multidimensional diffusion
data. We have confirmed that the ML model smoothly
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FIG. 6. Xe diffusion coefﬁcier}t in UO2 as a function of tem-
perature T and fission rate F' for the ML model. The solid
curve is the result of the ML: model for the irradiated case
(F = 10" fissions/m®s) and the dashed curve is the result for
the nonirradiated case (F = 0). The red points are experi-
mental results from Turnbull et al. [35] and the blue points
are experimental results from Miekeley and Felix [36].

interpolates between the fission rate of the Turnbull data
(F = 10 fissions/m3 s) and the nonirradiated (F = 0)
limit. However, because experimental data has not to
our knowledge been generated at intermediate values be-
tween these limits, the ML model may not scale accu-
rately in the intermediate regime due to lack of training
data. Calibration of the ML model at intermediate fis-
sion rates could be accomplished using data generated
from cluster dynamics calculations, for example, by us-
ing CENTIPEDE.

Other experimental datasets for Xe diffusion in UO9
besides the Miekeley and Felix data can be found in the
literature. For example, the analytical fit of Davies and
Long is generally considered to more accurately capture
Xe diffusivity at thermal equilibrium. Note that the pri-
mary goal in this work is to illustrate the utility of ML
in nuclear fuel model development, not to assess the ac-
curacy and validity of the datasets that are available
in the literature. So, in the context of this work, the
datasets are primarily tools to benchmark the developed
ML methods. Shown in Fig. 7(a) is a comparison between
the results of Matthews model (which was developed to
agree with CENTIPEDE predictions that are close but not
identical to the Davies and Long and Turnbull data sets),
the Turnbull data, and the data generated using the ana-
lytical fit of Davies and Long. The Matthews model is in
agreement with both datasets, but overestimates the dif-
fusivity of the nonirradiated data. For comparison, the
ML result shown in Fig. 7 (b) is in excellent agreement
with both data sets over all irradiation and temperature
conditions. Note that the different experimental data
sets used in this subsection have different partial oxygen
pressures as well as different irradiation conditions.

Using the results of CENTIPEDE cluster dynamics simu-
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FIG. 7. Xe diffusion coefﬁcignt in UO; as a function of tem-
perature T" and fission rate F' for (a) the Matthews model (b)
a ML model. The solid curve in each panel is result of the re-
spective model for the irradiated case (F' = 10'? fissions/m? s)
and the dashed curve is the result for the nonirradiated case
(F = 0). The red points are experimental results from Turn-
bull et al. [35] and the green points are experimental results
from Davies and Long [37] generated through random sam-
pling inside the error bounds of the fit.

lations, multi-dimensional diffusion models D(T, F, PO,)
can be developed using ML that include the dependence
on the partial pressure of oxygen po, as well as the fission
rate and temperature. The training data for the ML pro-
cess was generated by performing CENTIPEDE simulations
at 1000 datapoints on a grid in the {7, F,po,} param-
eter space. An 80:20 split between training and testing
data was used. All features and labels were log-scaled
before training and testing except the temperature. To
predict the Xe diffusion and U diffusion, we again utilized
KRR [50] with the addition of the nearest neighbors (NN)
approach [57, 58]. The procedure is performed by taking
an input state point p = {T,F,poz} (the point where
the diffusion coefficient would like to be predicted) and
determining the Npeigh = 8 nearest neighbor points in
the training data to the input point. The metric used to
determine the nearest neighbors to the input point p was
the weighted Euclidean distance with weights obtained
using a grid search hyperparameter optimization. After
the nearest neighbors are determined, the KRR was per-

formed using only the NN points. The output of the
KRR procedure at the target datapoint p in state space
is the predicted diffusion value.

Fig. 8(a) and (b) are plots of predicted values vs. true
values for Xe diffusion and U diffusion, respectively. The
average percent error of the testing data was approx-
imately 10% for both U and Xe diffusion, illustrating
excellent agreement between the ML model and the test-
ing data. The different color points in each plot signify
different temperatures. The data spans the temperature
range 1200K to 2250K, and excellent agreement is ob-
served between the ML model and the testing data over
the entire temperature range. The data spans the fission
rate range 107 fissions/m? s to 10*° fissions/m? s.

We also used a similar ML procedure to develop a
model for the partial pressure of oxygen po, (T, F, D)
that takes diffusivity as an input in addition to fission
rate and the temperature. The result of this procedure
is shown in Fig. 8(c). Excellent agreement is observed
between the predicted values and the true values for the
partial pressure. Experimental values for diffusivity are
commonly reported at a specific temperature and fission
rate. Because the developed partial pressure model takes
typically reported quantities as inputs, it allows the de-
termination of the thermodynamic state of a fuel or ex-
periment (qualitatively described using the partial pres-
sure, which controls the x in UOs4,, linking to the defect
concentration).

B. Uranium Nitride

The diffusion properties of UN are less studied and less
understood than the diffusion properties of UO,. This
provides an opportunity to illustrate the utility and pre-
dictive power of data-driven methods in the context of de-
veloping diffusion models for emerging nuclear fuel can-
didates. Training data for diffusivity prediction in UN
can be taken from existing experimental datasets, ana-
lytical models, new data generated using cluster dynam-
ics simulations, or a combination of these data sources.
Given that the experimental and analytical data are lim-
ited and uncertain, the use of cluster dynamics informed
by atomic scale simulations is key to providing input for
the ML models. A list of the UN experimental diffusivity
datasets we use is shown in Table I. The analytical model
we compare to our ML model is taken from a collection
of analytical models for diffusivity in UN developed by
Hayes [59]. The details of this model are found in the
Appendix.

Fig. 9 is a plot of true vs. predicted values for U diffu-
sion in UN calculated using three different models: the
Hayes analytical model, a PIML model, and a kernel-
based ML model. The true values are taken from the
experimental measurements of Reimann et al. [43] which
give U diffusion coeflicients as a function of temperature
T and the partial pressure of nitrogen pn,. All of the
models we apply are multidimensional diffusion models
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of the general form D(T, pn,) that take temperature and
pressure as inputs and return a predicted U diffusion coef-
ficient as an output. The Hayes analytical model system-
atically underestimates the U diffusion values and also
generates several points with significant error. A PIML
method, developed by reparameterizing the Hayes model,
improves on the Hayes fit and performs well for most dat-
apoints, but there are some points (for lower coefficients
end particularly) in which a significant difference exists
between the true and predicted results because the repa-
rameterization does not change the oversimplified con-
struction of the empirical Hayes model. The ML results
give the best results in terms of accuracy and variance.

RMSD (In D)

ML PIML
Model

Hayes

FIG. 10. Root mean square deviation of various models for
the uranium diffusion coefficient in UN. The experimental
data used to calculate the RMSD is from Reimann et al. [43].

Shown in Fig. 10 is a comparison between the error val-
ues for each method taken with respect to the experimen-
tal data from Reimann [43]. The error is quantified using
the RMSD. The kernel-based ML method reduces the er-
ror by a factor of approximately 6 in comparison to both
the PIML method and Hayes analytical model [59]. This
significant error reduction highlights the utility of ML
methods for quickly developing accurate diffusion mod-
els.

1. Sensitivity Analysis of UN Diffusion

There is a limited amount of experimental diffusion
data available for UN. Therefore, mechanistic cluster dy-
namics models can (and in general must) be used to
augment the experimental data in order to make ac-
curate predictions about diffusivity. In cluster dynam-
ics models, understanding which defect types contribute
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the most to the overall diffusion mechanism of a species
can be quantified and understood using Sensitivity Anal-
ysis (SA)—a collection of mathematical and statistical
methodologies that are used to understand what inputs
contribute the most to a model output. Sensitivity Anal-
ysis is a powerful mathematical tool for building and
testing the complex computational models that play a
significant role in almost all social and physical scientific
disciplines. Some example uses of SA methods in the con-
text of model construction are: (a) identifying the most
influential inputs to a model output, (b) improving the
understanding of the relations between the inputs and
output of a model, (c) calibrating input errors, and (d)
assessing the quality and confidence of a model [60].

In this article, we use Global Sensitivity Analysis
(GSA) methods to investigate the impact of different pa-

rameters in the cluster dynamics models for diffusivity.
Some of the advantages of GSA methods are that they
are capable of handling and analyzing high-dimensional
inputs in a computationally efficient manner and that
they can be built to taken into account nonlinear effects
in the model [61]. Specifically, we use the well-known
Morris method [62, 63] to quantify what defects and pa-
rameters are most important for diffusivity in UN. The
result of applying the Morris method to a model is a
collection of sensitivity indices, one index for each in-
put. The value of each index quantifies the relative im-
portance of the corresponding input. A larger value for
a sensitivity index implies a higher importance in the
model output. The Morris method is computationally
more efficient than other SA methods because it scales
linearly with the number input parameters. Therefore, it
is well-suited for analyzing cluster dynamics simulations
of UN which involve a high (> 50) number of input vari-
ables. All the numerical algorithms used to perform SA
are taken from the SALib package [64] and implemented
using PYTHON scripts.

In our SA results, a sensitivity index is assigned to
every defect type that is tracked in the cluster dynam-
ics simulation. The value of each index quantifies the
importance of the corresponding defect to the examined
diffusion process. SA was performed for N, U, and Xe dif-
fusivity in UN. The notation vUz_vNy denotes a vacancy
cluster of z uranium vacancies and y nitrogen vacancies.
A similar notation is used for interstitials. UN represents
perfect UN without defects and Ny nitrogen gas. Crys-
tal Xe_vUx_vNy denotes that a Xe atom resides in the
vUx_vNy cluster. The cluster dynamics model applied
here differs from the model used in Ref. 45 because we
do not include antisites.

Shown in Fig. 11 are the SA results for UN. The ura-
nium vacancy vU01_vNOO dominates the sensitivity for
temperatures below 2000K as shown in Fig. 11(a). In-
terestingly, U diffusivity is not strongly dependent on
the uranium interstitial Ui01_Ni00, however, we have
found that in specific temperature, pressure, and irradi-
ation regimes it is the dominant defect. The sensitiv-
ity indices for Dy and Dx. are shown respectively in
Figs. 11(b) and 11(c). For N diffusivity, the nitrogen in-
terstitial Ui00_NiO1 defect is almost 10 times more im-
portant than all the other defects across the temperature
range sampled. This is consistent with interstitials dom-
inating nitrogen diffusion under nitrogen rich conditions.
Compare this to the results for Xe diffusion shown in
Fig. 11(c) which show that a number of defects contribute
over 10% to the model output. All of those defects are
linked to Xe diffusing by a vacancy mechanism, which is
also the mechanism observed to dominate for most tem-
peratures. UN corresponds to the perfect lattice, which
impacts all defect energies and consequently appears in
all sensitivities. It is possible that it represents a con-
stant shift in all defect energies. The sensitivity indices
for U and N diffusivity do not vary strongly as the tem-
perature is varied. Across all the examined models, only



T T T T T T

—_
<
—
%)
T
1

@ Experimental Data
= == Anpalytical fit (Matzke)
mmmm (Centipede optimized
=== (Centipede baseline

H

<
L
=S

H

9
L
[=2]

Nitrogen Diffusion Coefficient (m?/s)

1
2400

10718

1 1 1
1800 2000 2200

Temperature (K)

1 1
1400 1600

FIG. 12. Nitrogen diffusion coefficient in UN as a function of
temperature. The red points are experimental results (see Ta-
ble I). The dashed black curve is the analytical fit by Matzke.
The green curve is the baseline result from CENTIPEDE and the
blue curve is the CENTIPEDE result after performing the genetic
optimization procedure.

a few defects make major contributions to the overall dif-
fusivity in the diffusion of the three species (U,N,Xe) we
have examined.

2. Oplimization of CENTIPEDE Parameters

The parameters in the UN cluster dynamics model im-
plemented using CENTIPEDE can be calibrated such that
the quantities of interest agree with experimental results.
A detailed discussion of the specific physical parameters
that are used in our model can be found in Ref. 45.
However, the process of calibrating the approximately
50-dimensional parameter space to experimental data by
hand can be very time-consuming if not intractable. To
accelerate the calibration process, we used a genetic opti-
mization procedure to find the optimal set of parameters
that produce CENTIPEDE results that best match the ex-
perimental data for N diffusion. As a proof of principle,
we perform the optimization on N diffusion only, and do
not include U and Xe diffusion values in the optimization.
A multi-objective optimization that includes diffusion for
all of the species is a target of future work.

The genetic optimization procedure was implemented
using a baseline set of CENTIPEDE parameter values ob-
tained from a combination of electronic structure cal-
culations, and molecular dynamics simulations. An er-
ror bound for each parameter was also assigned. Each
set of parameter values is a solution to the optimiza-
tion problem. An initial set of solutions was generated
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by randomly sampling a value for each parameter using
the assigned error bounds. This initial set of solutions is
called a generation. Genetic optimization of the baseline
parameters was performed by generating new sets of solu-
tions (i.e., by generating new generations) using the best
solutions from the previous generation. Each generation
had 60 solutions and the optimization was performed for
5 generations. The procedure was performed across the
temperature range 1300K — 2500K.

The results of the genetic optimization procedure are
shown in Fig. 12. The diffusion values generated using
the CENTIPEDE parameters chosen as the baseline do not
agree with the experimental results. However, after per-
forming optimization in the high-dimensional parameter
space, the CENTIPEDE result is in strong agreement with
the experimental data. The power of this result is that
while the analytical result of Matzke (shown as dashed
black curve) accurately captures the temperature depen-
dence of N diffusion in the equilibrium regime, it can-
not be used predict the diffusion behavior under differ-
ent irradiation conditions and at different partial pres-
sures. Compare this to the calibrated CENTIPEDE result
which can be used to predict diffusion coefficients at dif-
ferent system conditions. The calibrated cluster dynam-
ics model is therefore more robust than simple analytical
models for modeling diffusion under reactor conditions.
Overall, the defect parameters that change the most dur-
ing the optimization procedure are kinetic parameters
such as attempt frequencies and migration activation en-
ergies, while the enthalpic and entropic properties related
to defect formation, in general, exhibit the least differ-
ence between the calibrated and baseline sets. Moreover,
the Centipede model predicts diffusion of not only N,
which is relatively easy to measure experimentally, but
also U and Xe, which are much harder to measure ex-
perimentally, especially under irradiation conditions. By
validating and optimizing the CENTIPEDE model for N
diffusion data, the trust in the CENTIPEDE predictions of
U and Xe diffusion is also increased. Future work will
investigate how these relations can be quantified using
uncertainty measures.

IV. CONCLUSIONS

A data-driven workflow has been developed to pre-
dict diffusion coefficients in nuclear fuels. The devel-
oped workflow has been shown to predict transport and
thermodynamic properties of the nuclear fuels uranium
oxide UOy and uranium nitride UN with increased ac-
curacy in comparison to previous models and methods.
We have specifically shown that using ML can reduce
the predictive error in comparison to previously devel-
oped analytical models and to reduce the time it takes to
develop diffusion models. We have also shown how data-
driven methods can be used to calibrate complex mech-
anistic models for diffusion properties of nuclear fuels.
Machine learning models trained using small experimen-



tal datasets were expanded by developing and applying
a data augmentation method. This augmentation tech-
nique may be particularly useful in nuclear fuel devel-
opment and qualification when large amounts of experi-
mental results are not available or are difficult to obtain.
Sensitivity analysis methods have been applied to deter-
mine the most important structural defects within the
mechanistic cluster dynamics models under different re-
actor conditions. This analysis can be used to improve
model development and fuel analysis by giving informa-
tion about what defect types should be targeted for fur-
ther study using experiments and/or electronic structure
calculations.

In future work, data-driven methods will be applied to
enhance the predictive capabilities of mechanistic models
for use in nuclear fuel qualification and reactor model-
ing. Data-driven methods will also be used to generate
complex multi-dimensional analytical functions with en-
hanced transferability and interpretability in comparison
to black-box ML models developed here. Another impor-
tant future focus will be to quantify the uncertainty in
the developed ML models.
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Appendix A: Analytical Diffusion Models

Hayes Model:
The Hayes analytical model for U diffusion in UN in

11
units of m?/s is:

Dy(T, P) = c1p®es/T (A1)
with ¢; = 2.215 x 10715, ¢y = 0.6414, and c3 = —7989.3,
where p is the partial pressure of nitrogen (atm) and T
is the temperature (K).

Matthews Model:
The Matthews analytical model for Xe diffusion in
UO; in units of m?/s is:

clecz/k?BT

Dx(T, F) = W+CGGC7/]€BT\/E+68F (A2)
with ¢; = 2.216 X 1077, ¢o = —3.26, c3 = 1.0, ¢4 = 29.03,
c5 = —1.84 x 1074, cg = 2.821 x 1022, 7 = —2.0, and
cs = 8.5 x 10740 where F' = 1.0 x 10 is the fission rate
(fissions/m?s), T is the temperature (K), and kg is the
Boltzmann constant (eV/K).

Forsberg Model:
The Forsberg analytical model for Xe diffusion in UOq
in units of m?/s is:

Dyu(T, F) = vg(T, ') Dest (T, F)

. (A3)
vg(T, F) + g(T, F)

DCH(T, F) = 01602/T + 403664/T\/E + 4C5F,
vy(T, F) = ceml F(creT +6)2, (A5)
g9(T, F) = drcreT (co/T — c10) Do (T, F)7

where F' = 1.72 x 109 is the fission rate (fissions/m? s)
and T is the temperature (K). The parameters are ¢; =
7.6x10710 ¢y = —35247, ¢35 = 1.41x1072°, ¢4 = —13800,
s =2.0x 10740, ¢g = 3.03, 1 = 6.0 x 10~6, ¢; = 1.453 x
10719, g = 1.023x 1073, § = 1.0x 109, ¢ = 1.52x 107,
C10 = 3.3 x 1023
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