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Abstract

Nanostructured Ferritic Alloys (NFAs) containing oxide nanoparticles are
prospective advanced structural materials in future fusion reactors. Lacking
fusion neutron sources with an adequate flux, modeling is critical to un-
derstand radiation damage in the NFAs, including helium effects. Machine
learning interatomic potentials (MLPs) have been demonstrated to be ca-
pable of describing atomic interactions in chemically complex systems with
comparable accuracy to density functional theory (DFT) but with much less
computational costs. Hence, MLPs are chosen to study He bubble accumu-
lation in chemically complex NFAs. As a preliminary step, we develop a
Fe–He potential, based on ∼10,000 atomic configurations. The developed
MLP accurately predicts the bulk properties of BCC-Fe compared to DFT,
including the lattice constant (2.832 Å), elastic constants (c11 = 271 GPa,
c12 = 141, c44 = 93), and phonon frequencies (maximum error < 3.5%). The
MLP predicts He binding energies in HenV bubbles and Hen clusters with
a mean absolute error (MAE) of only ∼70 meV, which is ∼3 to ∼5 times
smaller than the MAE of binding energies estimated using empirical poten-
tials. The MLP also accurately predicts the migration barrier of interstitial
He (64 meV). Furthermore, the MLP correctly predicts the maximum number
of He atoms (critical size) at which a HenV bubble (Hen cluster) can kick-out
a self-interstitial atom (SIA), forming a bigger HenV2 bubble (HenV bubble).
Subsequently, we use the MLP to perform molecular dynamics simulations to
investigate the effect of temperature on the critical size of HenV bubbles and
Hen clusters. We find that the critical size decreases with increasing temper-
ature — indicating that smaller bubbles and clusters can kick-out an SIA at
higher temperatures, thereby escalating the He bubble growth. The current
Fe–He MLP can be further developed to include all chemical interactions in
NFAs.

Being considered for submission in Elsevier November 28, 2022



1. Introduction

Reduced-activation ferritic/martensitic (RAFM) steels were developed in
the 1980s to withstand the neutron irradiation damage in the blanket struc-
tural materials in fusion reactors [1, 2]. Currently, the most technologically
matured RAFM steels include F82H, EUROFER97, INRAFM and CLAM.
RAFM steels have excellent properties, such as, high thermal conductivity,
low thermal expansion coefficient, and relatively low void swelling during
neutron irradiation compared to conventional structural materials [3]. The
low operating temperature (< 550 – 600 ◦C) of RAFM steels, was further im-
proved by strengthening the Fe matrix with dispersion of fine oxide particles
[4] — called oxide dispersion strengthened (ODS) steels. A subset of ODS
steels, that contains a high number density (> 1023 particles/m3 ) of ultra-
fine (< 3 nm diameter) oxide particles is called nanostructured ferritic alloys
(NFAs). The oxide nanoparticles are typically made of Y2O3 or Y2Ti2O7.
NFAs exhibit higher thermal creep strength at elevated temperatures and
lower void swelling than RAFM steels — through dislocation pinning and
helium bubble trapping by the oxide nanoparticles, respectively [4, 5, 6, 7].

He and H atoms are important transmutation products formed by inelas-
tic collisions of high energy neutrons with the nuclei of structural materials.
A group of n helium atoms, occupying interstitial positions will be called as
a Hen cluster and a group of n helium atoms, occupying the position of a va-
cancy, V , will be called as a HenV bubble. While He is known to contribute
to the bubble formation and growth, the role of H is only attributed to the
bubble growth. The formation and growth of bubbles in irradiated materials
cause embrittlement and swelling, eventually leading to mechanical failure.
Hence the interaction of He and H with the ferrite matrix is crucial in under-
standing the material’s resistance to radiation damage. Even though RAFM
steels are the most technologically matured materials for fusion applications,
many neutron irradiation studies on these materials have been conducted in
fission reactors, due to the lack of fusion irradiation facilities with sufficiently
high flux [8]. Other emulated experimental investigations on bubble segrega-
tion and swelling include dual (Fe3+, He+) [9, 10, 11] and triple (Fe3+, He+,
H+) [10, 11, 12] ion beam irradiation studies. Supplementing the experimen-
tal efforts, the effects of He, H and vacancies in these materials are being
investigated using modelling and computational techniques. Both ab initio
based density functional theory (DFT) and empirical potentials have been
used to advance the understanding of radiation damage in pure BCC-Fe and
model alloys, such as, Fe-10Cr [13]. For example, the self-trapping of Hen
(He-clusters) for n ≥ 6 and trap-mutation of HenV (He-bubbles) for n ≥ 19
to form bigger HenV and HenV2 bubbles, respectively, is well established
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using DFT calculations at T = 0 K [14]. However, the influence of tempera-
ture on the ability of smaller clusters (bubbles) to participate in self-trapping
(trap-mutation) reactions/events, has been largely unknown. Furthermore,
the studies conducted by interatomic potentials are limited by the ability of
these potentials to accurately predict the relevant properties, such as, for-
mation energies of defects and binding energies of He to He clusters and
bubbles.

Since 1976, several Fe–He interatomic potentials have been developed
with increased accuracy towards targeted properties. A detailed discussion
on the development and limitations of each potential are given in Ref. [15].
Table 1 presents a brief summary of several well studied Fe–He potentials.
These empirical potentials underestimate the binding energies of He with
small bubbles, HenV , for n = 2 to 4, in reference to the binding energies
calculated using DFT [14, 16, 17, 18], except Wilson et al. potential where
it overpredicts. Even though, all these potentials (except Wilson et al.)
were fitted to DFT data, a strict analytical form of the potentials limits the
potential’s ability to accurately represent the data for a wide range of atomic
configurations. The chemical complexity of NFAs — due to the presence
of oxide nanoparticles — further exacerbates the spread of the data, posing
additional challenges to development of empirical potentials. Even though
empirical potentials are available for few binary and ternary interactions,
such as Fe–He [19, 20, 21, 22, 23, 16, 15], Fe–H [24, 25, 26, 27], and Y–Ti–O
[28, 29], the transferability/compatibility between the potentials is not well
understood. Evidently, there are no coherent empirical potentials that can
accurately describe the Fe–He–H–(YTiO) interactions in irradiated NFAs.

Machine learning techniques offer an alternative to develop interatomic
potentials that represent the energy landscape accurately, enabled by flexi-
bility in the potential’s analytical form. This analytical flexibility improves
the representation of a wide range of structural and chemical configurations.
In the past decade, a significant progress has been achieved in utilizing ma-
chine learning techniques to develop interatomic potentials. Such potentials
are broadly called machine learning potentials (MLPs). One of the major
steps in developing an MLP is defining the structural descriptors that are
invariant to symmetry operations, such as translation, rotation, and permu-
tation of chemically-equivalent atoms [30, 31, 32, 33]. Avoiding the need for
independent code development to convert the structural information from co-
ordinates to the symmetry invariant descriptors, several open source packages
are available that streamline the process of developing MLPs: Gaussian ap-
proximation potential (GAP) [33, 34, 35], spectral neighbor analysis potential
(fitSNAP) [36, 37, 38, 39], moment tensor potential (MLIP) [40, 41, 42, 43],
the atomic energy network (AENET) [44, 45, 46, 47], n2p2 neural network po-
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Potential Ref Data Ref Comments
Wilson et al. [19] [20, 15] (1) Interstitial He is incorrectly predicted to be

stable at an octahedral site.
(2) Binding energies of He with small bubbles
and clusters are overestimated by 0.3 to 1.4 eV

Seletskaia et al. [20, 21] [20, 15] (1) Interstitial He is estimated to be stable at
a tetrahedral site, achieved by including a three-
body term.
(2) Binding energies are significantly improved
over Wilson et al. potential
(3) However, an unphysical singularity in force
occurs when the angle between He and Fe is
0 or 180◦.

Juslin et al. [22] [15] (1) A simpler pair potential correctly represents
the thermodynamic stability of tetrahedral He.
(2) However, the binding energies of small He
clusters are underestimated.
(3) Force is discontinuous for Fe–He separation
of 0.12 nm.

Chen et al. [23] [23] (1) The relative stability of HenV bubbles and
migration energy of interstitial He are well
reproduced.
(2) However, the potential was fitted using 55
adjustable parameters and the binding energies
of He with bubbles are underestimated.

Gao et al. 2010 [16] [16] (1) Migration properties of interstitial He,
properties of He defects and small
He clusters are well reproduced.
(2) However, the potential exhibits unphysical
Fe–He attraction for distances between
0.3 and 0.36 nm.

Gao et al. 2011 [15] [15] (1) We find that the potential performs better
in estimating overall binding energies compared
to all the above potentials.
(2) However, we find that the binding energies
of He with small He bubbles are underestimated
by ∼ 0.5 eV, compared to our DFT calculations.

Table 1: Details of Fe–He empirical interatomic potentials that are available in literature.
The binding energies data of each interatomic potentials are gathered from the publications
cited in Data Ref column.
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tential package [48], the atomic cluster expansion (ACE) potentials [49, 50],
and deep potentials (DeePMD-kit) [51, 52, 53, 54, 55]. Because our final goal
is to develop an accurate MLP for describing interactions between transmu-
tation products (He and H) and NFAs: Fe–He–H–(YTiO), we have chosen
DeePMD-kit to train the MLP, even though in this paper we train the MLP
only for Fe–He interactions.

Specifically in this work, we have developed an Fe–He MLP, that ac-
curately predicts several bulk and defect properties of BCC-Fe, that may
contain He defects, such as bubbles and clusters. A special emphasis is given
to the cluster and bubble growth characteristics in BCC-Fe as this is a crucial
phenomenon leading to failure of the structural ferritic steels in fusion en-
vironment by degradation of mechanical properties, embrittlement and void
swelling. The data set to train and validate the MLP was generated using
DFT calculations on ∼10,000 configurations. The average error in predicting
the binding energies of HenV bubbles and Hen clusters is 0.07 eV. Whereas
the error in binding energies between other empirical potentials and DFT
calculations performed in this work varies between ∼0.2 eV and ∼0.35 eV.
Furthermore, we utilize the MLP to predict the minimum temperatures re-
quired for Hen clusters and HenV bubbles to kick-out an SIA, forming bigger
HenV and HenV2 bubbles, respectively.

2. Computational details

2.1. Deep learning potential

We have utilized Deep Potential – Smooth Edition (DeepPot-SE) pack-
age — part of DeePMD-kit — to develop Fe–He MLP. DeepPot-SE employs
deep learning techniques and is interfaced with LAMMPS [56] for simulat-
ing structural relaxations and molecular dynamics (MD). In DeepPot-SE,
the total energy of a configuration is decomposed into sum of contributions
from each atom. Where each atomic energy is predicted completely from the
chemical species and positions of the central atom and its neighboring atoms,
within a predetermined cutoff radius. DeepPot-SE exploits the encoding ca-
pability of deep neural networks, which maps the information of chemical
species and coordinates of the central and its neighboring atoms to an em-
bedded feature space, which serves as ‘structural descriptor’ — designed to
preserve the translational, rotational and permutational symmetries. The
implementation of smooth and adaptive embedding network in DeepPot-SE
allows for training of MLPs that accurately describe even the most complex
chemical environments in multicomponent materials (containing 5 or more
chemical species), such as, high entropy alloys [52], high entropy carbides [57],
etc. Since the DeepPot-SE has demonstrated ability to accurately describe
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the interactions between atoms in chemically complex high entropy alloys
and carbides, we believe that this code will perform with a high accuracy in
describing the chemical interactions between Fe–He–H–(YTiO).

The architecture of the neural network is given in the following: (1) the
embedding net includes 4 layers with each layer containing 25, 50, 100, and
200 nodes respectively; (2) the fitting net contains four fully connected layers
with 240 nodes in each layer; (3) The cutoff radius is set as 6.4 Å. These
parameters were selected through diligent trials and errors by calculating the
errors in the prediction of energies and forces by the MLP. Furthermore, the
chosen cutoff radius of 6.4 Åwas limited by the size of the 4 × 4 × 4 SC
used in DFT, i.e., to avoid interactions across the periodic boundaries. The
MLP was trained until the MAE of energies and forces converged to ≤ 1
meV/atom and 0.02 eV/Å, respectively. We refer the reader to the literature
[51, 52, 53, 54, 55] for a detailed description of embedding net and fitting
net. We train the MLP with data generated from DFT calculations, whose
details are given in the following section.

2.2. First principles sampling of atomic configurations

All DFT calculations were performed using the plane-wave-based Vi-
enna Ab initio Simulation Package VASP [58, 59], within the generalized
gradient approximation (GGA) using the Perdew–Burke–Ernzerhof (PBE)
exchange–correlation functional [60]. VASP pseudopotentials used in this
study are potpaw PBE.54 v5.4.1, containing 2 and 8 valence electrons for
He and Fe, respectively. Collinear spin-polarized calculations were used to
treat the ferromagnetic state of BCC-Fe, by initiating the magnetic moment
of all Fe atoms in the same (spin-up) direction. The energy cutoff for the
plane-wave basis set was 500 eV, employing projected augmented wave po-
tentials [61]. 500 eV energy cutoff was found to be sufficient for studying
He in bcc Fe from previous reports [62, 63, 64, 65, 66]. A 3×3×3 supercell
(SC3) of a body centered cubic iron (BCC-Fe) unit cell was used to sam-
ple pristine BCC-Fe atomic configurations without any point defects such
as vacancy, SIA, interstitial or substitutional He. A bigger 4×4×4 supercell
(SC4) was used to generate atomic models containing aforementioned point
defects, He clusters, and bubbles. A 12×12×12 K−point mesh generated
using the Monkhorst–Pack scheme [67] is used to sample the Brillouin zone
of the unit cell and linearly scaled down for larger SCs. For calculations of
thermodynamic properties such as formation and binding energies, the bulk
geometry was optimized with a force convergence criterion of 0.01 eV/Å, and
the individual components of the stress tensor were converged to 0.1 kB.

The dataset to train the Fe–He MLP contains approximately 10,000 con-
figurations. Table 2 presents a summary of all generated configurations and
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Target SC Number of Sampling Number
Property size Fe (He) atoms technique of frames
Elastic constants 1x1x1 2 (0) Lattice strain ∼300
Thermal vibrations, &

3x3x3 54 (0)
Ab Initio ∼3000

Phonon frequencies Molecular Dynamics
Formation energies, &

4x4x4 126–130 (0)
Random & ordered

∼3000migration energies of distribution of defects,
vacancy and SIA and relaxation
Formation energies,

4x4x4
Random & ordered

∼4000binding energies, & 127-129 distribution of defects,
He migration energies (0-17) and relaxation

Table 2: Details of configurations where the data is generated using DFT calculations.
The first two rows describe data from pure BCC-Fe configurations. The next two rows
contain data from configurations containing defects.

details of the DFT calculations. The dataset is divided into 4 parts. (i)
Unit cells containing 2 Fe atoms are employed to calculate the energy land-
scapes as a function of lattice strains. (ii) The configurations representing
lattice dynamics with random atomic displacements are generated using Ab
initio Molecular Dynamics (AIMD). The AIMD simulations are carried out
between T = 300 to 1200 K employing SC3. These configurations could
also help the MLP in correctly predicting the phonon frequencies. (iii) The
configurations containing intrinsic point defects — such as vacancies and
self interstitial atoms (SIAs) — and interaction between these point defects.
These configurations train the MLP to predict accurate formation energies
of intrinsic point defects and thermodynamically stable structure of SIA. (iv)
The configurations containing extrinsic defects such as substitutional He, in-
terstitial He, He clusters, and He bubbles. These configurations train the
MLP to predict accurate binding energies between He and He defects. The
DFT calculations on the configurations containing defects are performed in
a SC4 to minimize defect interactions across periodic boundaries.

3. Results and Discussion

3.1. Training the MLP from DFT data

Figure 1 compares the MLP and DFT predicted values of (a) energies and
(b) forces for both training (marked in blue) and validation sets (marked
in red). The MLP predictions for both training and validation sets are
highly correlated with the DFT values. Here we use the mean absolute
error (MAEX) to quantify the error in the property X, predicted by MLP in
reference to the DFT computed property values.
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Figure 1: MLP vs DFT density plots for (a) energies and (b) forces. The training and
validation data sets are plotted in blue and red, respectively. The MAE values are also
given in the plot legends.

MAEX =
1

p

∑
p

|XMLP −XDFT| (1)

XMLP and XDFT are the values of property X computed using MLP and
DFT, respectively. p represents the total number of configurations in the
dataset. The MAE of energies for training and validations sets are MAET

E =
1.000 and MAEV

E = 0.989 meV/atom, respectively. The MAE of forces for
both training and validations sets MAET

F ≈ MAEV
F ≈ 0.017 eV/Å. Since the

MAEV ≤ MAET, the MLP is well trained and not ‘over-fitted’. Furthermore,
the absolute errors of 90% data for both training and validation sets are
within the 2 meV/atom and 25 meV/Å, for energy and force predictions
by MLP, respectively. The validity/reliability of the trained MLP is further
evaluated in the next sections.

3.2. BCC-Fe properties

Here we discuss the performance of MLP in reproducing the properties of
bulk BCC-Fe, such as lattice constant, elastic constants, phonon bands dis-
persion etc. Elastic constants are critical as they are one of the fundamental
intrinsic properties of a material that correlates with other hard-to-compute
properties, such as melting temperature [68]. Furthermore, phonons in a
material influence the heat capacity, thermal conductivity, thermal expan-
sion coefficient, electrical and optical properties. Hence, by demonstrating
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Property Units XDFT XMLP XMLP −XDFT
XMLP−XDFT

XDFT
[%]

Lattice constant

a Å 2.832 2.832 0.000 -0.008
a3 Å3 22.709 22.704 -0.006 -0.025

Elastic constants
c11 GPa 253.564 270.909 17.345 6.841
c12 GPa 156.951 140.971 -15.979 -10.181
c44 GPa 106.886 93.022 -13.865 -12.971

Vibrational frequencies
Γ cm−1 0.000 0.000 0.000 0.000
P cm−1 305.019 295.284 -9.734 -3.191
H cm−1 245.850 246.276 0.426 0.173
N-TA1 cm−1 183.257 179.427 -3.830 -2.090
N-TA2 cm−1 215.767 206.422 -9.346 -4.331
N-LA cm−1 317.833 314.601 -3.232 -1.017

Table 3: Comparison of lattice constant, elastic constants, and vibrational frequencies of
bulk BCC-Fe calculated using DFT and MLP. XDFT and XMLP represent the properties
in the first column, calculated using DFT and MLP, respectively.
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Figure 2: Energy landscapes of BCC-Fe calculated using DFT (plotted in blue squares)
and MLP (plotted in red circles) as a function of (a) Uniaxial strain, (b) Hydrostatic
strain, and (c) Shear strain.
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Figure 3: Phonon bands dispersion calculated for BCC-Fe, at the respective equilibrium
lattice constants, using DFT (black dashed lines) and MLP (blue solid lines).

the ability of MLP to accurately predict the fundamental bulk properties,
we expect that the MLP would also predict the related properties as men-
tioned above. Table 3 presents the quantitative comparison of all properties
estimated using MLP and DFT. Columns 5, 6 represent the differences and
percentage differences of the property values, respectively. The equilibrium
lattice constant of BCC-Fe obtained from DFT structural optimization is in
excellent agreement with MLP value (error < 0.001Å) obtained using struc-
tural optimization in LAMMPS.

The elastic stiffness and compliance tensors, cij and sij (in Voigt nota-
tion), respectively were calculated by applying appropriate lattice strains
for cubic symmetry, as described in [69, 70]. Briefly, the DFT or MLP to-
tal energies, calculated for deformed unit cells, were fitted as a function of
cell deformation magnitude, δ. In the case of crystal structures with cubic
symmetry, there are only three independent and non-zero elastic tensor com-
ponents, c11, c12 and c44 [71]. To parameterize three elastic constants, three
types of cell deformations (strains) are required: uniaxial, hydrostatic and
shear strains. The total energies for each type of strain is related to the de-
formation magnitude through the elastic constants as shown in the following
constitutive equations:
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Euniaxial =
1

2
(c11)δ

2 (2)

Ehydrostatic =
3

2
(c11 + 2c12)δ

2 (3)

Eshear =
3

2
(c44)δ

2 (4)

Euniaxial, Ehydrostatic, and Eshear are the total energies for unit cells de-
formed in uniaxial, hydrostatic and shear strains, respectively. This method
of estimating elastic constants is also useful in training MLP, because we
sample atomic configurations with a variety of lattice strains. The elastic
constants presented in Table 3, indicate that the MLP not only qualitatively
reproduces the energy landscapes as a function of cell deformation, but also
predicts the elastic constants with an error < 18 GPA or 13%.

Figure 2 presents the variation of total energy, calculated using DFT
and MLP (plotted in blue and red, respectively) as a function of deforma-
tion magnitudes for (a) uniaxial, (b) hydrostatic, and (c) shear strains. A
qualitative agreement is observed in the energy landscapes for all strains, in-
dicating that the MLP is well trained to reproduce the elastic behavior under
all relevant strain states. The significance of the accurate elastic constants
prediction by MLP will be discussed in later sections, where the elastic be-
havior is important to predict the lattice strains induced by He bubbles and
clusters.

Figure 3 plots the phonon bands dispersion along the high symmetry
paths of the Brillouin zone boundary for a BCC lattice, calculated with
MLP and DFT. The phonon frequencies were calculated using phonopy
package [72]. The maximum error in predicting the phonon frequencies by
the MLP, compared to the DFT frequencies is error < 10 cm−1 or 5% at N
for transverse acoustic-2 (TA2) mode.

3.3. Binding of He with He-bubbles and He-clusters

First, we discuss the formation energies of point defects such as vacancy,
self interstitial atom in various dumbbell configurations, interstitial He, and
substitutional He. The formation energy of the point defects is calculated
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Ef Units XDFT XMLP XMLP −XDFT
XMLP−XDFT

XDFT
[%]

Ef [V ] eV 2.150 2.226 0.075 3.508
Ef [SIA100] eV 4.977 4.898 -0.079 -1.596
Ef [SIA110] eV 3.901 3.922 0.021 0.528
Ef [SIA111] eV 4.577 4.447 -0.130 -2.838
Ef [Hetet] eV 4.552 4.580 0.028 0.607
Ef [Heoct] eV 4.680 4.715 0.035 0.742
Ef [Hesub] eV 2.222 2.142 -0.080 -3.597

Table 4: Formation energy of a vacancy, an SIA in 100, 110, & 111 dumbbell configurations,
and He at tetrahedral, octahedral, & substitutional positions in BCC Fe. The MLP
correctly predicts the ground state for SIA (the 110 dumbbell) and He (at the tetrahedral
site).

using the following equations:

Ef [V ] = E[FeN−1
V ]−

(
N − 1

N

)
E[FeNP ] (5)

Ef [SIA] = E[FeN+1
SIA ]−

(
N + 1

N

)
E[FeNP ] (6)

Ef [Hesub] = E[Hesub]− E[FeN−1
V ]− E[He] (7)

Ef [Heint] = E[Heint]− E[FeNP ]− E[He] (8)

Ef [V ], Ef [SIA], Ef [Hesub], and Ef [Heint] are the formation energies of va-
cancy, self interstitial atom, substitutional He, and interstitial He, respec-
tively. E[Hesub] and E[Heint] are the total energies of He in BCC-Fe at sub-
stitutional and interstitial sites, respectively. E[He] is the total energy of a
He atom. E[FeN+1

SIA ], E[FeN−1
V ], and E[FeNP ] are the total energies of of BCC-

Fe structures representing an SIA, vacancy, and pristine SCs, respectively.
N represents the total number of Fe atoms in the ideal SC.

Table 4 presents the formation energies of point defects. We find that
the MLP-predicted formation energies of all point defects are in excellent
agreement with DFT. The ground state of the interstitial He is also correctly
predicted as tetrahedral He. Furthermore, the MLP correctly predicts the
⟨110⟩ dumbbell as the ground state of an SIA in BCC-Fe [73]. The thermody-
namic stability order of all dumbbell orientations also agrees with DFT and
literature [74]. This is one of the important features of the MLP, because the
thermodynamics of SIA plays an important role in self-trapping and trap-
mutation of helium clusters and bubbles, respectively, as they ‘kick-out’ SIAs
after reaching a critical size. So far, we have demonstrated that the MLP
accurately predicts the formation energy of point defects as well as their
relative stability.
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Next, we discuss the performance of MLP in predicting the binding en-
ergies of an isolated He atom — thermodynamically expected to be present
at an interstitial tetrahedral position — with preexisting He bubbles and
clusters. The binding energies of a He with a Hen−1V bubble and a Hen−1

cluster to form a bigger HenV bubble and a Hen cluster, respectively, are
calculated using the following equations:

Eb[Hen−1V +He] = E[Hen−1V ] + E[Hetet]− E[HenV ]− E[FeNP ] (9)

Eb[Hen−1 +He] = E[Hen−1] + E[Hetet]− E[Hen]− E[FeNP ] (10)

E[HenV ] (E[Hen]) and E[Hen−1V ] (E[Hen−1]) are the total energies of BCC-
Fe SC containing bigger HenV bubble (Hen cluster) and smaller Hen−1V
bubble (Hen−1 cluster), respectively. E[Hetet] is the total energy of BCC-Fe
SC containing a He atom at the tetrahedral position. These binding energies
represent the energy released by the system as a bubble (cluster) absorbs a
sufficiently far tetrahedral Helium atom to form bigger bubble (cluster). The
product, HenV bubble (Hen cluster) is thermodynamically more stable than
the reactants if Eb > 0.

Figure 4(a) and (b) present the fixed-cell binding energies (FCBEs) of He
with Hen−1 clusters and Hen−1V bubbles as a function of n. Data gathered
from literature [14, 15, 16, 17, 20, 23] are also shown for comparison. The
relaxed-cell binding energies (RCBEs) of both clusters and bubbles obtained
from DFT in this work and literature [18] are plotted in Figure 4(c). In
most of the previous published works, FCBEs were calculated using fixed
cell relaxations employing both DFT and interatomic potentials. While the
RCBEs from DFT are only available in Fu et al. [18].

From Figure 4(a), the FCBEs calculated from interatomic potentials are
severely underestimated compared to DFT values, particularly for the case
of small bubbles, n = 2 to 4. To provide a quantitative measure of the error
in the binding energies calculated with interatomic potentials compared to
DFT, the mean absolute errors (MAEs) are calculated as follows:

MAE =
1

q

∑
q

|Emodel
b − EDFT

b | (11)

where Emodel
b are the binding energies calculated using interatomic poten-

tials or MLP, and EDFT
b are the reference binding energies calculated using

DFT in this work. q represents the number of binding energy data points
available in the literature for each potential, including the binding energy
data with clusters and bubbles. The value of MAE for Seletskaia et. al.,
Chen et. al., Gao et al. 2010, and Gao et al. 2011, are 0.23 eV, 0.36 eV,
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(a) (b)

(c) (d)

Figure 4: Binding energies of an He atom with Hen−1 clusters and Hen−1V bubbles as a
function of n. Solid markers are used for binding data with bubbles, while open markers
are for clusters. Data calculated with DFT are marked with DFT, else they are obtained
with empirical potentials. (a) Binding data with He bubbles calculated in a fixed cell.
(b) Binding data with He clusters calculated in a fixed cell. (c) Binding data calculated
with a relaxed cell. (d) Comparison between fixed-cell and relaxed-cell binding energies
calculated using DFT and MLP. Unless noted otherwise, data shown are calculated in this
study. DFT data from literature are Gao et al. 2010 DFT [16], Zhang et al. DFT [14],
Gan et al. DFT [17], and Fu et al. DFT [18]. Literature data calculated using interatomic
potentials are Seletskaia et al. [20], Chen et al. [23], Gao et al. 2010 [16], and Gao et al.
2011 [15].

14



0.23 eV and 0.19 eV, respectively. The MAE of the binding data calculated
with DFT from the literature with respect to our DFT calculations can be
calculated analogously using Eq. (11). Evidently, the MAEs of DFT calcu-
lations from literature are significantly smaller than interatomic potentials:
0.12 eV, 0.17 eV, and 0.10 eV for Gao et al. 2010, Zhang et al., and Gan et
al., respectively. The MAE of MLP developed in this work is 0.07 eV — a
significant, 2.5 to 5 fold improvement over previous interatomic potentials.
Furthermore, complete binding energy data up to n = 16 for bubbles is not
available for interatomic potentials — the maximum value of n is 13, 13, 4,
10 for Seletskaia et. al., Chen et. al., Gao et al. 2010, and Gao et al. 2011,
respectively. Typically in the literature mentioned above, the DFT calcu-
lations were performed employing SC4, while calculations with interatomic
potentials were performed employing a 10×10×10 supercells (SC10) with a
fixed volume. However, we did not find any reports on the influence of SC
size and cell relaxation on the binding energies. Later in this section, we not
only discuss the effects of both cell relaxation and SC size on the binding
energies, but also explain the implications of these effects.

In Figure 4(d), we compare the RCBEs and FCBEs calculated from DFT
and MLP. Note that the fixed-cell and relaxed-cell binding energies estimated
using the MLP agree quantitatively with the DFT binding energies (MAE
= 0.07 eV). Since the FCBEs and RCBEs for both clusters and bubbles are
positive, a bigger HenV bubble is stable in reference to its splitting into a
smaller Hen−1V bubble and a separated He atom. A comprehensive thermo-
dynamic estimation of the splitting of a bubble — into a smaller bubble and
a He cluster — is discussed in our previous work [62]. The thermodynamic
stability of a HenV bubble in reference to the formation of a bigger HenV2

bubble by ejecting an SIA: HenV → HenV2+SIA (trap-mutation), is investi-
gated in this work using both DFT and MLP. This is achieved by comparing
the total energies of relaxed atomic configurations initiated from a HenV
bubble and a HenV2+SIA complex. Using both DFT and MLP employing
SC4, we find that the bubbles in the relaxed-cell and fixed-cell calculations
are thermodynamically stable up to n = 16 and n = 18, respectively. In
the case of n ≥ 17 and n ≥ 19 for relaxed-cell and fixed-cell calculations,
respectively, a HenV2+SIA complex is thermodynamically more stable than a
HenV bubble. The fixed-cell calculations employing SC4 in Zhang et. al. [14]
agree with our result that the critical size of the HenV bubble is n = 19, at
which the bubble trap-mutates. The ejection of an SIA can be explained as
the ‘pressure effect’, where pressure inside the HenV bubble is large enough
to make the trap-mutation reaction exothermic. We define the critical size
of bubbles and clusters, characterized by nc (number of He atoms), as the
size at which the bubble/cluster ejects an SIA and embodies an additional
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vacancy, thereby increasing its size. The values of nc predicted by MLP is
accurate with respect to DFT results: nc = 6, 6, 17, and 19 for fixed-cell Hen
clusters, relaxed-cell Hen clusters, fixed-cell HenV bubbles, and relaxed-cell
HenV bubbles, respectively.

We also find that the values of RCBEs are greater than FCBEs for all
values of n, for both clusters and bubbles. The difference between the
relaxed-cell and fixed-cell binding energies for bubbles increases with n —
non-monotonically from 1 meV for n = 1 to 1 eV for n = 16 — indicat-
ing that the effect of local stresses created by the HenV bubble increases
with the bubble size (binding energies for n ≥ 17 are not relevant due to
the spontaneous growth reaction HenV → HenV2 + SIA as discussed above).
The larger RCBEs compared to FCBEs, especially for larger bubbles, is ex-
plained in the following. The average of normal stresses, (σ11 + σ22 + σ33)/3,
on the super cell increases linearly with n, as shown in Supporting Informa-
tion, Figure S1. Furthermore, the elastic energy increases quadratically with
the stress, Eelastic =

1
2
sijklσijσkl. Hence, due to the cell-relaxation process in

the ‘relaxed-cell’ calculations, a larger elastic energy optimization — hence,
larger total energy optimization — is achieved for larger bubbles (ignoring
other atomic and electronic effects). Hence the RCBEs of the larger bubbles
are significantly greater than the FCBEs. We note however, that the RCBEs
may not necessarily be more physically relevant than FCBEs because the
atomic and cell relaxation could still be influenced by defect-defect interac-
tion (mainly in the form of elastic strain) across the periodic boundaries.
Therefore, we perform systematic simulations with larger supercells to study
this finite size effect.

The finite size effect is studied using supercells of 6×6×6 (SC6), 8×8×8
(SC8), 10×10×10 (SC10), 12×12×12 (SC12), and 16×16×16 (SC16). We
have limited the calculation of binding energies in larger SCs to MLP and not
utilized DFT due to colossal computational costs. Since the MLP developed
in this project predicts the bulk elastic constants, as well as, RCBEs and
FCBEs in SC4 with near-DFT accuracy, we expect that the MLP to perform
with the same accuracy even for larger SCs. Note that evaluating the size
effects were previously not possible due to the fact that DFT calculations
become prohibitively expensive for sizes beyond 5×5×5 supercell containing
250 iron atoms + n Helium atoms. Furthermore, the binding energies ob-
tained from classical potentials were not accurate enough to study the size
effects. One of the advantages of the developed MLP is that it overcomes
the above two shortcomings: The binding energies can be calculated with
near-DFT accuracy even for large SCs.

Figure 5 shows the comparison of RCBEs and FCBEs calculated in SC4
to SC16. DFT calculated RCBEs and FCBEs in SC4 are also included in
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Figure 5: Comparison of binding energies calculated with the MLP using (a) 4×4×4, (b)
6×6×6, (c) 8×8×8, (d) 10×10×10, (e) 12×12×12, and (f) 16×16×16 supercells. The
DFT data included in all panels are calculated using a 4×4×4 supercell and are shown
for reference to see the size effect trend. The binding energies are color coded similar to
figure 4(d): fixed-cell (blue and black square markers); relaxed-cell (green and red circle
markers); Hen−1V bubbles (solid markers); Hen−1 clusters (open markers); DFT (blue
square and green circle markers); MLP (black square and red circle markers). Note that
figure 4(d) is reproduced in the sub-figure (a) for easy comparison with bigger SCs.
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Potential Ref q1 q2

Reference binding energy details
DFT DFT MLP
4×4×4 4×4×4 12×12×12
FCBE RCBE FCBE ≈ RCBE

MAE [eV] MAE [eV] MAE [eV]
Wilson et al. [19] 10 5 0.712 0.466 0.546
Seletskaia et al. [20, 21] 13 5 0.231 0.511 0.399
Juslin et al. [22] 0 5 0.285 0.563 0.484
Chen et al. [23] 13 0 0.356 0.696 0.574
Gao et al. 2010 [16] 4 4 0.228 0.339 0.329
Gao et al. 2011 [15] 10 5 0.193 0.440 0.360

Table 5: Mean absolute error (MAE) values calculated for six potentials whose binding
energies are gathered from literature. The MAE values are calculated in reference to DFT
FCBEs, DFT RCBEs, and binding energies calculated using MLP in a 12×12×12 SC (
where FCBE≈RCBE). q1 and q2 represent the maximum number of He atoms in bubbles
and clusters, up to which, the binding energy data is available in literature. The sum of
q1 and q2 is taken as the number of data points in the calculation of the average MAEs.
Note that binding energy data of Wilson potential is not plotted in Figure 4, as it deviates
largely from other data, evident from its MAE value. The calculations from the literature
were performed employing 10×10×10 SCs with a fixed volume.

each sub-figure for easy comparison. We find that the values of RCBEs and
FCBEs converge to equal values, as the size of the supercell increases from
SC4 to SC12. There is no improvement in convergence from SC12 to SC16.
The mean of the absolute difference between RCBEs and FCBEs decrease
from smallest to largest SC sizes as follows: 0.359 eV (SC4), 0.106 eV (SC6),
0.044 eV (SC8), 0.021 eV (SC10), 0.011 eV (SC12), and 0.011 eV (SC16).
Hence, a supercell of 12×12×12 is required to get the correct binding energies
of He in Hen clusters and HenV bubbles using the developed MLP.

By taking the MLP binding energies in SC12 (where FCBEs ≈ RCBEs) as
the correct values, we calculate the MAEs of binding energies obtained with
the aforementioned interatomic potentials, using an analogous expression to
Eq. (11). The results are summarized in Table 5. Note that the binding
energies in [15, 16, 19, 20, 23], are calculated employing SC10. We find
that all previous interatomic potentials predict binding energies that deviate
significantly from the MLP data. The MAEs of these potentials with respect
to DFT binding energies are also included in Table 5 for completeness.

3.4. Relaxation volumes of He bubbles

In the previous section, we have discussed the effect of cell relaxation and
SC size on the binding energies. In this section we discuss the effect of SC
size on relaxation volumes and local relaxation volumes of the HenV bubble.

18



(a) (b)

Figure 6: (a) Relaxation volumes as a function of n for HenV bubbles (solid markers) and
Hen clusters (open markers), calculated using DFT in a 4×4×4 SC (blue squares), MLP
in a 4×4×4 SC (red circles), and MLP in a 16×16×16 SC (green diamonds). (b) Local
relaxation volumes as a function of n for HenV bubbles. Relaxation volumes are given in
unit of V0 (volume of a BCC Fe atom).

A relaxation volume of a defect is the expansion of the bulk crystal due
to the presence of the defect. Relaxation volume is an important property
of structural materials for fusion applications, because it could be used to
predict the swelling caused by radiation induced defects [75]. Hence, we have
also tested the ability of MLP in predicting the relaxation volumes compared
to DFT. We have further included the data for local relaxation volume for
HenV bubbles — defined as the expansion of the unit cell that incorporates
the bubble. The difference between relaxation volume and local relaxation
volume is pictorially represented in Supporting Information, Figure S2. The
relaxation volume, ΩR, and local relaxation volume, ΩLR are calculated using
the following equations:

ΩR = Ω[defect containing super cell]− Ω[ideal super cell] (12)

ΩLR = Ω[defect incorporated cell]− Ω[ideal cell] (13)

Figure 6(a) presents the relaxation volumes of HenV bubbles and Hen
clusters as a function of n, given in BCC Fe atomic volume V0. We find
that the relaxation volumes increase linearly with the value of n for both
bubbles and clusters. For the calculations with SC4, MLP predicts the re-
laxation volumes accurately compared to DFT with a mean absolute error
< 0.05V0 ≈ 0.6 Å3. Interestingly, when a large SC is used, the relaxation vol-
umes are smaller. The discrepancy is more visible for larger bubbles. The re-
sults suggest that the finite size effect also influences the relaxation volumes.
Based on the calculations with SC16, the relaxation volumes calculated in
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SC4 are over predicted by ∼ 0.6V0 to ∼ 1.2V0 for n = 10 and 16, respec-
tively. The overestimation of the relaxation volumes with SC4 compared to
SC16 can be understood as follows. The periodic boundaries effectively cre-
ate a higher concentration of defects for smaller SCs. A higher concentration
of He could induce softening (decrease in elastic constants) in the matrix,
thus a larger relaxation volume. A similar softening of elastic constants was
observed with increasing concentration of He bubbles in tungsten [76]. We
have also calculated the bulk modulus as a function of He concentration in
BCC-Fe using DFT. We find that the bulk moduli of BCC-Fe supercells con-
taining Hesub atoms, with He concentrations of 1.85 at.% and 6.25 at.% are
softened by 9.9% and 17.1%, respectively. Hence, we believe that the re-
laxation volumes calculated in DFT using small SCs such as, SC4, could be
overestimated by 8% to 10% compared to the values calculated in a larger
16×16×16 SCs. Hence, the lattice swelling estimated from the DFT relax-
ation volumes can be over estimated by proportional percentage values. The
relaxation volumes for other SCs, ranging between SC4 and SC16 calculated
using MLP are bound between the two limits (not shown here for brevity).
We find that the relaxation volumes converge to constant values as the size
of SC increases to 12×12×12. Similar to the relaxation volumes pertaining
to small bubbles (n < 7), the relaxation volumes pertaining to He-clusters
did not change significantly with the SC size.

Figure 6(b) presents the local relaxation volumes of HenV bubbles using
both relaxed-cell and fixed-cell calculations. We find that the local relaxation
volumes follow a linear trend with the value of n, similar to the bulk relax-
ation volumes. The local relaxation volume slightly decreases from n = 15 to
16, because until n = 15, the entire bubble is enclosed by the 8 Fe atoms sur-
rounding the HenV bubble. However, in the case of n=16, the additional He
atom, even though close to the bubble, is slightly outside the cuboid bounded
by the 8 Fe atoms. As expected, the DFT calculations show that the local re-
laxation volumes using fixed-cell are smaller than those using the relaxed-cell
DFT calculations. The difference between fixed-cell and relaxed-cell calcula-
tions is more exaggerated for larger bubbles with n ≥ 7. Compared to DFT,
MLP predicts the local relaxation volumes for all bubbles accurately for both
relaxed-cell and fixed-cell cases. The correct prediction of the local relaxation
volumes by MLP for both fixed-cell and relaxed-cell calculations, indicates
that the MLP not only predicts accurately the bulk relaxation volumes, but
also predicts the local relaxation of structure in the vicinity of defects. Fur-
thermore, the local relaxation volumes calculated using the large SC16 shows
that the local relaxation volumes are equal for both fixed-cell and relaxed-cell
calculations. In fact, the fixed-cell and relaxed-cell local relaxation volumes
converge for SC12. Hence in order to get a physical representation of local
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Figure 7: The activation barrier for migration of He in BCC-Fe from one tetrahedral
position to a neighboring tetrahedral position.

relaxation, a large SC12 is required.

3.5. Mobility of He atoms in bulk BCC iron

Until now, we have discussed about the thermodynamic properties of bulk
BCC-Fe, defects such as, He clusters and bubbles, using structural optimiza-
tion techniques. In this section, the migration kinetics of tetrahedral He
and the ability of MLP to accurately represent the tetrahedral He kinetics
in BCC-Fe is discussed. The migration of tetrahedral He is relevant to the
He cluster/bubble microstructure evolution, particularly at the initial stage
where the density of vacancies is low. The He migration directly depends on
the activation barrier of He from a tetrahedral position to an adjacent tetra-
hedral site. Figure 7 presents the activation barrier calculated using DFT
and MLP. In both cases, nudged elastic band method implemented in VASP
and LAMMPS is used [77, 78, 79, 80]. The activation barrier predicted by
MLP is 0.064 eV, which is in good agreement with DFT predicted value =
0.059 eV (error = 8.5%). The accurate prediction of He activation energy
results in accurate tetrahedral He lifetimes, before they migrate and bind
with other defects to form, clusters, bubbles, etc.

3.6. Temperature-dependent critical size of bubbles and clusters

Previously in section 3.3, we have determined the critical size of HenV
bubble and Hen cluster before they trap-mutate and self-trap, following:
HenV → HenV2+ SIA; Hen → HenV+ SIA, respectively. This is achieved by
comparing the total energies of a HenV bubble (Hen cluster) with the total
energy of a structure containing HenV2+SIA (HenV+ SIA) complex. These
structural optimizations correspond to 0 K temperature, indicating that the
critical sizes of nc = 17 (for HenV bubble) and nc = 6 (for Hen cluster)
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Figure 8: The dependence of critical size of clusters and bubbles to participate in trap-
mutation and self-trapping reactions on temperature.

also represent the thermodynamic instability of these structures at low tem-
peratures. However, these critical sizes may not be applicable at elevated
temperatures that are expected in fusion reactor environments. Hence, in
this work we have used the MLP to understand the influence of tempera-
ture on the critical sizes of He bubbles and clusters. Molecular dynamics
simulations with NVT ensemble employing a SC12 is used to determine the
lowest temperature required for the bubble/cluster to kick-out an SIA. The
structures containing bubbles and clusters are equilibrated for 1 ns at each
preset temperature, T = {100, 125, 150...1200} K. An extra vacancy near the
bubble/cluster and SIA are identified using the Wigner-Seitz defect analysis
method. We also note that even though the trap-mutation and self-trapping
events can occur at lower temperature than the minimum temperature, after
a sufficiently large time, on the order of 1µs to 1s, such rare events can be
modelled in kMC simulations utilizing the activation barriers of the trap-
mutation and self-trapping reactions. Estimation of these activation barriers
is beyond the scope of this article, and we limit our discussion to estimating
the critical size of the bubbles up to T = 1200 K.

Figure 8 presents the dependence of critical sizes of bubbles and clusters
on temperature. Contrary to the previous notion that the critical size of
bubbles and clusters is n = 17 and n = 6, respectively, we find that the criti-
cal size decreases with the temperature. In other words, smaller bubbles and
clusters can trap-mutate and self-trap, respectively, at elevated temperatures
that correspond to the operation of fusion reactors.

First, we discuss the effect of temperature on critical bubble size. For
example, bubbles with n = 16 to 14 can trap-mutate — to form a HenV2
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bubble by ‘kicking-out’ an SIA — below room temperature, T ≤ 300 K. T ≈
500 and 900 K are required for bubbles with n ranging between 13 to 10
and 9 to 8, respectively. T ≈ 1150 K is required to trap-mutate the bubble
with n = 7. Trap-mutation of bubbles with smaller size than n = 7, was
not observed for temperature ranging up to T = 1200 K. Next we discuss
the effect of temperature on the critical cluster size. Clusters with n = 5
and 4 can self-trap — to form a HenV bubble by ‘kicking-out’ an SIA —
below room temperature, T ≤ 300 K. T ≈ 1100 K is required to self-trap the
bubble with n = 3. The self-trapping of He2 cluster and tetrahedral He was
not observed for the considered temperature range.

The qualitative behavior of bubbles and clusters also agree with their
expected behaviour. For example, (i) migration of all He clusters is observed
before their self-trapping. Tetrahedral He was observed to migrate, even at
T =100 K, agreeing with the small activation barrier of 64 meV. After a
cluster transforms into a bubble, it becomes immobile, at least up to the 1
ns simulated time. Simulations that start with a bubble also do not show
any bubble migration within the simulated MD time scale. (ii) When an SIA
is ejected from self-trapping or trap-mutation event, the SIA forms a ⟨110⟩
dumbbell structure, agreeing with the ground state structure of the SIA (see
Table 4).

4. Conclusions

We have developed a machine learning interatomic potential (MLP) based
on deep neural networks, that accurately describes the He interactions in
BCC-Fe. The developed MLP predicts the energies and forces with excellent
accuracy compared to DFT. The mean absolute error in energy and force is
within 1 meV/atom and 0.17 eV/Å, respectively. We have rigorously tested
the MLP for accuracy in describing not only the bulk properties of BCC-Fe,
but also the thermodynamic properties of defects, such as vacancies, SIAs,
Hen clusters, and HenV bubbles. Specifically, the following fundamental bulk
properties of BCC-Fe are predicted accurately: lattice constant (a0 = 2.832
Å), elastic constants (c11 = 271 GPa, c12 = 141, c44 = 93), and phonon
frequencies (maximum error < 10 cm−1 or 3.5%). MLP predicts the forma-
tion energies of the following point defects with excellent accuracy: vacancy
(2.226 eV), SIA100 (4.898), SIA110 (3.922), SIA111 (4.447), Hetet (4.580), Heoct
(4.715), and Hesub (2.142). The MLP correctly predicts the ground state for
SIA (the 110 dumbbell) and He (at the tetrahedral site). Besides the forma-
tion energies of He defects, the activation barrier for migration of tetrahedral
He atom to the neighboring tetrahedral site is predicted as 64 meV.
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Binding energies of He with Hen−1 clusters and Hen−1V bubbles are also
accurately predicted in reference to DFT values. The mean absolute error
of MLP in predicting the binding energies is ∼70 meV, which is 3× to 5×
smaller than MAE values of semiempirical potentials. The developed MLP
predicts the binding energies calculated using both fixed-cell and relaxed-cell
calculations with similar accuracy. In this work we have compared the fixed-
cell and relaxed-cell binding energies and discussed how they are influenced
by the supercell size. We find that a large supercell of size 12×12×12 is
required to alleviate the effects of defect–defect interaction in small supercells
due to the periodic boundaries. In addition to the binding energies, the
relaxation volumes of the Hen clusters and HenV bubbles are also accurately
predicted by MLP. Here, we have also elucidated the boundary effects of
smaller supercells on relaxation volumes, which are overestimated by 8% to
10% for large bubbles with n ≥ 10. MLP also correctly predicts the critical
size — number of He atoms at which a bubble/cluster kicks-out an SIA and
embodies the additionally created vacancy — of Hen clusters (n = 6) and
HenV bubbles (n = 17), at T = 0 K.

Enabled by the accurate predictions of binding energies and critical sizes
of Hen clusters and HenV bubbles at T = 0 K, we have utilized the MLP to
predict the critical sizes at elevated temperatures. Using molecular dynamics
simulations, we find that the critical sizes of HenV bubbles decrease to nc =
14, 10, 8, and 7 at T = 300, 500, 900 and 1100 K, respectively. The critical
size of Hen clusters decreases to nc = 4 and 3 at T = 300 and 1000 K,
respectively. Furthermore, HenV bubbles with n ≤ 6 and He2 cluster were
not observed to kick-out an SIA for temperature ranging up to T = 1200 K.

We have demonstrated the accuracy of He binding energies with a Hen−1V
bubble, containing only one vacancy. The MLP can be further trained on
supercells containing bigger HenVm bubbles so that the newly trained MLP
can accurately predict the binding energies of He atom and vacancy with
HenVm bubbles. Furthermore, this is an initial step in developing a MLP
that includes all chemical interactions in a nanostructured ferritic alloys:
He–H–Fe–(YTiO).

Acknowledgements

This research was supported by the U.S. Department of Energy, Office of
Science, Office of Fusion Energy Sciences, through Contract No. AT2030110-
13784 and was performed at the Pacific Northwest National Laboratory,
which is operated by Battelle for the U.S. Department of Energy under
Contract No. DE-AC05-76RL0-1830. The research was performed using
resources available through Research Computing at PNNL.

24



References

[1] T. Muroga, M. Gasparotto, S. J. Zinkle, Overview of materials research
for fusion reactors, Fusion Engineering and Design 61-62 (2002) 13–25.
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