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Abstract

Material degradation due to radiation damage poses serious concern on the reliability
and durability of any reactor design. To understand material performance under
the extreme environments combining high temperature and intense irradiation, the
response of radiation damage must be meticulously analyzed, both experimentally
and computationally. These efforts will not only bridge the knowledge gap in the
fundamental understanding of physical processes, but also allow for prediction of
material behavior under a variety of conditions and development of novel materials
with superior radiation tolerance.

This thesis investigates multiple aspects of radiation damage in materials using
various computational methods over a wide range of time and length scale, including
atomistic description of defect dynamics, multiscale simulations of radiation processes,
and artificial intelligence prediction of material responses based on experimental stud-
ies. Firstly, to resolve the fundamental mechanisms of radiation-induced behavior,
the traditional molecular dynamics simulations on single-atom damage cascade is
extended by developing an algorithm to appropriately introduce numerous consecu-
tive cascades; hence, an experimental dose level on the order of dpa (displacement
per atom) can be achieved to enable realistic understanding of observed material re-
sponses. It has been utilized to examine the radiation behaviors in solid-solution alloys
and nanocrystalline metals such as defect dynamics and grain boundary migration.
Secondly, to break the intrinsic limitation of scale in atomistic simulations, a multi-
scale microstructural evolution framework that links binary-collision approximation,
molecular dynamics and cluster dynamics is built to describe mesoscale experimental
observations. It is used to successfully explain the non-power-law defect distribution
in irradiated tungsten. This tool can be generalized to study the spatial dependent
defect evolution in materials under ion irradiation. Finally, to bypass the physics-
based complexity of describing materials evolution in real applications, a holistic view
enabled by machine learning techniques is utlized, and applied to predict the onset of
void swelling in metals with a manually collection of data from experimental studies.
The model has generated satisfying results for prediction of unseen data based on
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material properties and experimental parameters.
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Chapter 1

Introduction

Material problems in nuclear systems must be successfully resolved for nuclear en-

ergy to make further improvement on safety and economics. The current and pro-

posed concepts on future fission and fusion reactors (Figure 1-1) present an excep-

tionally harsh operating environment for structural materials due to a combination

of high temperature, high stress, chemically aggressively coolant and intense irradia-

tion [1]. Structural materials are expected to maintain mechanical, dimensional and

microstructural integrity during the long service time under these extreme conditions.

Therefore, many alloys that are currently used in nuclear energy systems will not sat-

isfy the requirements, calling for the development of mechanically reliable and highly

radiation-tolerant materials.

Multiple promising material designs have been proposed to improve radiation

resistance and also bear superior mechanical properties, including nanoscale oxide

dispersed steels [3], high entropy alloys [4], nano-layered materials [5], and interfacial

engineering [6]. A good description of radiation response of materials is the prereq-

uisite to both qualify the novel options and optimize existing designs.

Although tens of years of radiation study have provided numerous experimental

results on different materials, ranging from simple metals to complicated alloys, these

results can be hard to explain and generalize and sometimes contradictory. Even

with the availability of more advanced techniques facilitating clearer observations on

multi-angles of material behavior, information regarding the fundamental processes
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Figure 1-1: Generations of reactor design [2].

and the underlying mechanisms is still hardly obtainable. For a variable-rich system

including radiation environment and complexity of materials such as various con-

stituent elements, internal structures and manufacturing specifications, it is hard to

identify active factors for any unexplained behavior, given limited time-consuming

experiments.

However, computational study of the physical processes backed by a appropriate

theoretical framework and the exponential growth of computation capability can ef-

fectively provide an avenue to describe and predict material behavior. Simulation

techniques like Monte Carlo, molecular dynamics, and continuum equations are espe-

cially useful to characterize physical processes and reveal new interpretations, such as

high temporal and spatial resolution of microstructural evolution which experiments

are hard to deliver. Therefore, this thesis work is characterizing radiation-induced

material response with the appropriate computation tools, focusing on various as-

pects such as long-term microstructure evolution, defects structures, and defect-grain

boundary interaction, phenomenological prediction of radiation effects. Radiation

damage is inherently multiscale process, and the capability to describe it on a wide

range of length and time scales is key to understanding material behavior; hence, these
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studies are organized into three themes, from atomistic mechanisms with molecular

dynamics, to integrated response in a multiscale computation framework, to physics-

agnostic data prediction using machine learning:

∙ Atomistic understanding: mechanisms of damage resistance in single-phase con-

centrated solid solution alloys (Ni-Fe) and nanocrystalline metals (Cu); mech-

anistic understanding of radiation-enhanced grain growth; assessment of grain

stabilization via amorphous intergranular film.

∙ Multiscale description: multiscale study of radiation-induced defect evolution

with spatial dependence in pure tungsten and iron.

∙ Data-driven prediction: predicting the onset of void welling in metals via ma-

chine learning.

The goal is not only to provide mechanistic understanding, but also facilitate the

prediction of material behavior, which will ultimately contribute to efficient screening

and qualification of candidate materials for nuclear energy to make further improve-

ment on safety and economics.

1.1 Thesis layout

Chapter 1 serves as an introduction of the whole structure, where motivations and

highlights of current work are emphasized.

Chapter 2 starts with an overview of radiation damage and effects, analyzed via

both experiments and simulations. On the experimental side, previous experiments

in studying material degradation under neutron irradiation and the strong argument

in using ion irradiation as surrogate to expedite experiment time span are concisely

reviewed. Computationally, the inherent multiscale property necessitates multiple

simulation techniques over different ranges of time and spatial regimes. In the end,

some trending radiation-tolerant material designs are introduced.

Building on top of current computation techniques, the following chapters fo-

cus on resolving various issues arising from the material-dependent characteristics.
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Firstly, material behavior is examined with atomistic simulations. Chapter 3.1 and

3.2 focus on the understanding of radiation resistance shown in high entropy alloys

and nanocrystalline materials, respectively. Following the study of nanocrystal, the

inevitable problem is irradiation-enhanced grain growth. Chapter 3.3 elaborates the

grain boundary migration and grain growth due to irradiation in nanocrystalline Cu.

Then Chapter 3.4 characterize the technique and the effect of grain stabilization via

grain boundary complexion in Zr doped nanocrystalline Cu. Secondly, scaling up to

multiscale framework is necessary considering the limitation of both time and length

scales in atomistic simulations. To tackle this problem, the cluster dynamics model

has been built using a finite element solver in conjunction with atomistic methods to

describe the long-term defect evolution. As an application, Chapter 4.1 demonstrates

this methodology and tries to understand the deviation from power law of defect

size distribution in irradiated pure tungsten at cryogenic temperature. Finally, as

the complexity of real materials systems can become intractable with physics-based

models, a shortcut via modern machine learning methods may be possible to circum-

vent the conundrum. Chapter 5 as proof-of-concept is a demonstration of promising

results using this technique to predict the onset of void swelling based on manually

collected experimental data.

Chapter 6 provides an overview of the studies encompassed in this thesis, the

major contributions, and current trending problems. Although different materials

are considered, the findings and methodology can be generalized in understanding

radiation damage in other materials. The atomistic details of microstructural evolu-

tion, along with coarse-grained continuum modeling compose a relatively complete

big picture, making possible both macro-scale blueprint and high-resolution touches.

However, more work still needs to done considering the emergence of new radiation-

resistant designs and the incentive to understand radiation effect in other applications

such as semi-conductors.
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Chapter 2

Background

This chapter briefly reviews radiation damage process, the effects on materials, and

the study techniques including experimental tools and simulation methods. It ends

with an overview of current understanding of radiation resistance in new materials.

2.1 Radiation damage

Structural materials in reactors are subject to harsh environments involving a com-

bination of high temperature, high stress, chemically aggressive coolant, and intense

radiation fluxes. In contrast to other energy industries, this additional radiation field

accelerates microstructure evolution and material degradation, such as embrittlement

and dimension instability. The problem becomes more pronounced with increas-

ing irradiation dose, hence limits the economy and safety of long-serviced reactors.

Therefore, to accommodate the imminent need of reactor lifetime extension and im-

plementation of advanced reactor systems, the performance of materials in extreme

environment must be improved. Significant progress has been made to better under-

stand radiation effects. Figure 2-1 demonstrates some examples: (a) segregation, (b)

increase in yield strength, (c) swelling and (d) irradiation-assisted stress corrosion

cracking. To describe these long term behaviors, it is necessary to characterize the

microstructural evolution with experiments and modeling. Such evolution is a re-

sult of collective dynamics of defects and internal structures (interfaces, dislocations,
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and precipitates). Correspondingly, the capability to effectively remove defects and

control structural integrity is crucial to improve radiation resistance.

a b

c d

Figure 2-1: Radiation effects [1]: (a) Radiation-induced segregation of Cr, Ni, Si,
and P at the grain boundary of a 300 series stainless steel irradiated in a light water
reactor core to several dpa at 300 ∘C; (b) Effect of irradiation dose on measured
tensile yield strength for several 300 series stainless steels irradiated and tested at a
temperature of about 300 ∘C; (c) Swelling of Fe-15Cr-xNi ternary alloys in EBR-II
at temperatures between 400 and 510 ∘C for nickel levels between 12.1 and 24.4 wt%;
(d) Irradiation-assisted stress corrosion cracking: cracks in cold-worked 316 stainless
steel baffle bolt. The location of the cracks received a neutron dose of about 7 dpa
at ∼ 310 ∘C.

Zooming in on the radiation damage process, it starts from the collisions between

energetic incident particles and lattice atoms. Part of the energy is transferred as
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the kinetic energy of the target atoms which are referred as primary knock-on atom

(PKA). The PKA can then be displaced out of its lattice position and continue

colliding with other atoms. A damage cascade may be generated given higher enough

incident energy. Finally, as the PKA energy has dropped to an amount smaller than

the displacement threshold, it rests in the lattice. An approximate timescale for the

process which constitutes the initial 10−11𝑠 is shown in Table 2.1 [1]. During the time

span, particles loses energy in several ways during transport, by collision, electron

excitation, ionization, or Bremsstrahlung. The energy loss can be described in two

main forms: nuclear (𝑆𝑛) and electronic (𝑆𝑒) stopping power. In the high energy

regime, 𝑆𝑒 dominates and atoms are less likely to be displaced from their lattice

sites. In the low energy regime, 𝑆𝑛 > 𝑆𝑒, where deposition of energy which leads to

displacement of target atoms becomes dominant.

Table 2.1: Approximate timescales in the primary stage of radiation damage.

Time (s) Event Result

10−18
Collision between incident
particle and target atom:
energy transfer

Creation of a PKA

10−13 Displacement of lattice
atoms by the PKA

Damage cascade

10−11 Energy dissipation and
lattice recrystallization

Defects and clusters

Corresponding to Table 2.1, the primary stage can be roughly divided into three

steps: ballistic stage, thermal spikes, and quenching. During the first phase, atoms

undergo high-energy binary collision and many atoms are displaced from their original

lattice sites. However, these temporary defects are not stable. During the following

thermal spike, the kinetic energy of PKAs is shared with surrounding atoms, which

induce local melting. As energy is dissipated, the molten zone quenches back down to

thermal equilibrium within a few pico-seconds. At the end of this stage, defects are

left behind, in the form of defect clusters or isolated point defects including vacancies

and interstitials. The number of residual defects is, however, much lower than that

from the ballistic stage. Displacement efficiency, defined as the ratio of between the

residual defects from quenching the cascade and the estimated “ballistically" produced
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defect, is introduced to quantify the damage, although argument still remains on

whether this concept is a good measure considering the microstructural evolution

induced by produced defects with different characteristics. It should be noted that

damage cascades are closely related to the type and energy of incident particles. Well-

separated subcascades may be formed with high energy incident particles. Meanwhile,

the morphology of residual defects vary significantly with the particle types. Light

ions such as electrons, protons and helium tend to produce isolated Frenkel pairs

while heavy ions and neutrons create large defect clusters. Figure 2-2 [1] illustrates

the differences by considering 1 MeV incident particles to target nickel. The reason

is that the energy transfer cross-sections of heavy ion or neutron are usually much

larger than those of light ions, so that the former can more efficiently transfer kinetic

energy to target atoms, which then generate a cascade of displaced atoms rather than

isolated defects.

Figure 2-2: Difference in damage morphology, displacement efficiency, and average
recoil energy for 1 MeV particles of different types incident on nickel [1].

Radiation damage is inherently multi-scale process as depicted by Figure 2-3 [7].

Beyond initial cascade stage (∼ 10−11𝑠) as described in Table 2.1, the annealing of

residual damage involves defect migration and interaction, through thermally acti-

vated diffusion of mobile defects species. The long timescale evolution of defects over
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Figure 2-3: Spatial-temporal scales of processes involved in void swelling. In (a)-(e),
radiation knocks host atoms out of their lattice points, causing local melting, followed
by annealing where most atoms return to lattice sites. With longer time for vacancies
to migrate and accumulate, (f)-(g) show the observed material response in the form
of void swelling [7]. MSS denotes mesoscale science which bridges micro- and macro-
response.

periods of seconds to decades induces microstructural evolution [8], causing mate-

rial property changes such as void swelling, hardening, and embrittlement [9]. Thus

long timescale studies are important to quantify real damage to irradiated materi-

als. Currently, radiation damage continues to be quantified using displacements per

atom (dpa) [1], which only describes the initial, ballistic stage of radiation damage.

One dpa means that on average all atoms have been displaced from their lattice

points once. It was initially introduced to reconcile differences in observed radiation

damage from reactors or irradiations with different energy spectra [10], and made

great strides in discovering similarities between formerly disparate experiments. The

Norgett-Robinson-Torrens (NRT) model [11] which modifies the basic Kinchin-Pease

model is commonly used to estimate the number of displacements,

𝜈(𝑇 ) =
𝜅𝐸𝐷

2𝐸𝑑

(2.1)

where 𝐸𝐷 is the damage energy available to displace atoms, by subtracting the energy
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lost in electron excitation from the total energy of the PKA, 𝜅 is a factor around

0.8 accounting for the two-body potential approximation, and 𝐸𝑑 is the threshold

displacement energy. While the NRT model provides a quick estimation of the number

of displacements, it does not describe the process within the cascade, the configuration

of defects, or the fraction of defects that survives the ballistic stage. Since the actual

surviving defects from damage cascades and the spatial correlation will affect the

evolution of microstructure, dpa itself is an inadequate measure in comparing the

level of radiation damage. Woo and Singh later conceptualized a production bias

model to treat the scenario of damage cascade where intracascade recombination,

clustering, and thermal dissociation of clusters become non-negligible [12]. It was

found that the bias has a controlling effect on the void swelling rate. It signifies the

need of proper theories to characterize radiation-induced microstructure evolution.

2.2 Brief review of previous work

Radiation effects such as void swelling that alters physical and mechanical proper-

ties of nuclear components have been a drive force in understanding the mechanisms.

Since the mid-last century, a number of sophisticated radiation experiments have been

done: materials ranging from highly purified metal to industrial alloys, bombardment

with a variety of particles, very low temperature environment, in-situ observations,

and recolonization of recovery stages with careful annealing. As aforementioned, ra-

diation damage is multiscale in nature, the evolving of defects especially during the

short time scale in the collisional phase can not be resolved experimentally, which calls

for simulation techniques that cover time scale from feto-second to years in order to

efficiently examine microstructural evolution. Thanks to the increasing capability

of computation power, the development of radiation simulation techniques is much

expedited. Section 2.2.1 and 2.2.2 give brief reviews of experiment effort and simula-

tion achievement, and provide references for detailed studies on specific phenomena

such as voids near grain boundaries, decoration of edge dislocations by SIA loops,

self-organized void lattice, etc., for interested readers.
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2.2.1 Experiments and theories

A comprehensive coverage of the physical effects of radiation damage is given by

Was [1], such as dimensional evolution and mechanical degradation. In this book, the

author specifically talks about the following phenomena with ample directly related

experimental studies as manifest of long-time microstructural evolution: element seg-

regation, void swelling, growth, hardening, embrittlement, and irradiation-assisted

stress corrosion cracking. Overall, the damage accumulation that gives rise to di-

mension changes and segregation has been treated in terms of chemical rate theory.

The assumption behind the theory include homogeneous production of point defects,

which can be justified under conditions such as electron irradiation. However, conven-

tional rate theory becomes inadequate where damage morphologies vary significantly

and material parameters change dramatically in space.

Although it may appear that the rest of research is patchwork attempts to previous

framework, in fact, inconsistencies and confounding interpretations always arise, such

as the relation between spatial correlation of cascades and swelling rate, the effect

of impurities in affecting defect migration barrier, and the role of injected intersti-

tials using charged particles. With more advanced and high resolution characteriza-

tion techniques, new phenomena and explanations are revealed and in the meantime,

some old understandings are open to scrutiny because of factors like dpa calculation,

instability of neutron source, and migration dimensionality of mobile defects.

Unfortunately, lengthy experiments are often infeasible to conduct in realistic

conditions, owing to the worldwide scarcity of simulated neutron sources and low

dose rates. Therefore, heavy/light ion irradiations and simulations are often used

to emulate the effect of neutrons in order to speed the irradiation process with a

much lower cost. Since the resultant PKA spectrum vary significantly from that of

neutron irradiation, and neutron spectra in different reactors and even at different

locations within the reactor are not the same and much less controllable than ion

irradiation, the emulation is still a recognized technique to test material response.

However, the residual radiation damage in the form of various microstructural defects,
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ultimately of interest in experiments and material property evolution predictions, is

significantly affected by the types of incoming particles [13], the temperature [14],

and the dose rate [15]. Meanwhile, some unique effects of ion irradiation are revealed

such as surface sputtering, mixing, and chemical change in the target. Generally, ion

can penetrate much less in depth and introduce strong spatial variation along the

trace in contrast with neutron irradiation. A cross-sectional sample may become a

confounding factor for experimental observations. Hence, it still remains controversial

in drawing equivalence with a proper measure of radiation effects between charged

particle and neutron irradiation.

Up to now, a number of characterization techniques have been used. On the

microstructural level, TEM (transmission electron microscopy), SEM (scanning elec-

tron microscopy), scattering imaging techniques (eg. neutron, x-ray) are commonly

used. At the atomic scale, APT (atom probe tomography) offering extensive capa-

bilities for both 3D imaging and chemical composition measurements is becoming

favorable. Specifically, microstructure characterization has benefit significantly from

sophisticated TEM imaging. The resolution can be down to ∼ 𝑛𝑚 on the thin foils

of samples. With settings such as bright field, dark field and microdiffraction, one

can identify and then quantify the defects like dislocation loops and cavities (see Fig-

ure 2-4 for demonstration). A depth dependent image may suggest the void swelling

after transformation of the raw cavity counts [16]. These quantities are valuable in

assessing simulation results and perform parametrization of the models.

2.2.2 Simulations

Commonly employed simulation approaches to describe radiation damage process are

adapted to the dominant physical processes over different scales. Figure 2-5 sketches

the commonly applied methods in different regimes. They include the binary collision

approximation (BCA) of the initial stage of radiation damage, molecular dynamics

(MD) simulations of damage cascades, kinetic Monte Carlo (KMC) and rate theory

(RT) for long term evolution, etc. It is these microstructures at extremely long times,

ranging from seconds to years, which are of interest to experimentalists and reactor
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(a) (b)

Figure 2-4: TEM imaging [17]: (a) Vacancy clusters and dislocation loops in Ni
(neutron irradiated at 305 K to 0.15 dpa); (b) Histogram of the vacancy cluster count
corresponding to (a).

designers. A full picture of the multiscale evolution of radiation damage, culminating

in the accurate prediction and understanding of long timescale phenomena, should

consider material-specific properties, irradiation conditions and then utilize proper

approaches to reach experimental scales without sacrificing important information.

The following paragraphs give brief introduction of the common techniques.

The initial production of defects can be obtained from BCA Monte Carlo simula-

tions. The NRT and Kinchin-Pease model can be used to save computational cost by

calculating defect production in terms of dpa with simplified equations [11]. A well-

used software package is called SRIM, standing for the Stopping and Range of Ions

in Matter [18]. This Monte Carlo simulation code can compute a number of results

relevant to ion implantation. A 1D profile of damage level in dpa along the depth can

be conveniently acquired by setting basic parameters such as displacement energy

and composition. Recently, Stoller et al. [19] pointed out that the inconsistencies

between SRIM calculation and more detailed atomistic simulations of damage cas-

cades, and proposed several recommendations such as using "Quick" Kinchin-Pease

option. While the dpa cannot determine the defect populations produced by radia-

tion damage, the resulting PKA spectrum is useful in follow-on simulations of damage

cascades, which allows for the precise description of the production of defect clusters.

MD has been extensively used in this regard to generate a comprehensive database
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Figure 2-5: Typical methods for scale-dependent processes ranging from atomistic
study on defects to continuum modeling of macro-scale experimentally measurable
effects.

of surviving defects in simulation model resulting from various PKA energies [20].

It was found that interstitial and vacancy cluster production on MD (nanosecond)

timescales varies significantly with temperature, cascade energy and interatomic po-

tential. By examining the detailed damaging process across multiple time steps, one

may extract interesting mechanisms related to defect migration and interaction. For

example, Bai et al. [21] found that grain boundaries have a "loading-unloading" ef-

fect, i.e. interstitials are loaded into the boundary upon irradiation and then get

emitted into the bulk to annihilate vacancies. It should be noted that the time and

length scales of MD simulations are usually on the order of nanoseconds and tens of

nanometers respectively, though some more advanced techniques have been developed

to extend to much longer time scale. Considering the limitation of these accelerated

MD in simulating cascades, an accurate simulation of further annealing of residual

damage from multiple cascades calls for larger scale methods.

KMC fits into the frame, by describing system evolution process with discrete
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events of object creation and destruction based on the rate constants,

𝑑𝑃𝑖

𝑑𝑡
=

∑︁
𝑗

−𝑘𝑖→𝑗𝑃𝑖 + 𝑘𝑗→𝑖𝑃𝑗 (2.2)

where 𝑃𝑖 and 𝑃𝑗 denote different states, and 𝑘𝑖→𝑗 and 𝑘𝑗→𝑖 are transition coeffi-

cients. An event is selected randomly according to its occurrence probabilities. It

can explicitly handle the temporal and spatial fluctuations in defects production.

The probabilistic nature of cascade initiation, nucleation and growth are intrinsically

considered. In addition, the anisotropic mobility of defects can be very easily imple-

mented. There are several variants of KMC, including: (1)AKMC, accounting for

atomic jump details with potential; (2) LKMC, latticed based KMC; (3) OKMC, or

object-KMC. Among these, OKMC is a very practical method to evolve the system

in a relatively easy way. It can be applied to model the microstructural evolution of

materials from the atomic to the mesoscopic scales [22–24]. It relies on pre-existing

knowledge of all important interaction mechanisms of modeled entities, defect stabil-

ity, and migration properties [25]. OKMC simulations sometimes suffer from serious

inefficiency due to the enormous catalog of events and dominant low-barrier events.

In addition, the number of simulated entities should be large enough to guarantee

statistical quality of the results.

Rate theory approach based on chemical reaction kinetics can simulate meso- and

macroscale time and length evolution of microstructures due to radiation damage. Ig-

noring the stochastic nature of the system, rate theory based on diffusion and reaction

(master equation, ME) is a mesoscopic description of kinetics with rate coefficients

from transition state theory. At microscopic level, the time evolution of a system can

be characterized by molecular dynamics and Monte Carlo simulations. The tracking

of particle positions can become computationally prohibitive, and thus the application

of MEs gains popularity in recent years. It implicitly assumes 1) the system evolves

deterministically, i.e. the volume is large enough such that the atomistic fluctuation

can be safely ignored; 2) the system the well-mixed via diffusion or constant stir-

ring [26]. A specific realization of MEs in the study of evolution of radiation-induced
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defects in materials is referred to as cluster dynamics (CD). Although classical rate

theory assumes the concentration of species is homogeneous (mean-field rate theory,

MFRT), the spatially dependent factors such as the production of defects, inhomo-

geneous microstructure, and surface effects, necessitates an appropriate treatment

of spatial dependence in MEs. Typical examples are heavy ion implantations and

thin film experiments, where the production bias needs to be considered [12]. Then

neutron and electron irradiation may be simplified as a degenerate scenario with a

homogeneous model. Similar to OKMC, it also requires the parameterization of inter-

action coefficients. CD modeling of radiation damage has made many recent advances

with. Multiple species have been modeled simultaneously, such as triple beam (H,

He, and Fe) irradiation of ferritic alloys [27]. CD modeling of anisotropic materials,

such as zirconium, has matched experimental predictions of growth [28]. Stoller et al.

have proposed the conditions under which KMC and rate theory calculations overlap

well [29]. More recently Jourdan et al. compared the effectiveness of different CD

models and cluster size grouping methods [30]. Major advances have also been made

in directly linking CD with experiments, such as direct observation of defect pro-

duction and migration under in situ ion irradiation [31], and parameterizing cluster

dynamics simulations directly with experimental TEM observations [32].

2.3 Radiation resistant materials

Although dose is commonly used to quantify radiation damage level, the effective-

ness is compromised because certain materials can effectively recover from the initial

ballistic collisional damage which means the real residual damage in materials due to

radiation is not necessarily correlate with the dose level. In fact, the key to radiation

resistance is the recovery of damage, so that serious radiation effects in reactor sys-

tems such as void swelling, segregation and precipitation can be postponed or avoided.

Considerable efforts have been devoted to this subject, and they follow the general

rule of enhancing defect annihilation, such as increasing defect sink density and tun-

ing defect diffusion mode to boost recombination. There are four main categories as
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summarized below.

2.3.1 Compositional and structural tailoring

Traditional austenitic stainless steels of type 316 and 304 experience series void

swelling in reactors. It is then found that cold work and certain solute additions, par-

ticularly Ti, Si and P can extend the incubation period. The reason can be the forma-

tion of fine precipitates such as TiC carbides, FeTiP phosphides and 𝛾′−(Ni3(Si,Ti)),

which act as efficient traps for helium atoms and defer void growth rate [33,34]. Along

with microstructure tailoring, Ferritic-martensitic (FM) steels based on 9-12%Cr com-

position exhibit exceptional low swelling response, but the reduced high temperature

strength restricts the use to certain low stressed components. As another example,

Figure 2-6 compares several alloys in terms of the swelling response. It can be seen

that ferritic alloys generally outperform austenitic alloys. Such difference may be

explained by the solute-mediated defect annihilation and the dislocation stress field

(Cottrell atmosphere) for defect absorption in the BCC structure, hence defects are

reduced to limit void nucleation rate.

Figure 2-6: Comparison of swelling response in various austenitic and ferritic alloys as
a function of dose [34]. It can be seen that ferritic structure outperforms austenitic.
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2.3.2 Dispersion

Dispersoids in steel matrix can effectively tune materials performance. For example,

oxide dispersion strengthened (ODS) steels have been seen as a promising struc-

tural material in future nuclear systems due to their superior radiation resistance,

high-temperature creep strength, and chemical stability [35, 36]. Embedding oxide

dispersion in the matrix of FM steels can address the deficiencies of high-temperature

strength [37]. Small Y2O3 nanoclusters are uniformly dispersed in the steel matrix

with a high number of density (∼ 1023𝑚−3 [37]). The co-addition of elements such

as Ti and Zr were extensively investigated to control oxide particle size and stability.

It turns out that a small amount of addition of Ti can effectively reduce the oxide

particle size and improve the creep rupture strength [38]. Stability is still maintained

in intense neutron irradiation environment, and at temperatures as high as 1400 oC,

around 0.9𝑇𝑚, where 𝑇𝑚 denote melting temperature. Hirata et al. [39] attributes

such unusual stability of the oxide nanoclusters to defective NaCl structure with a

high lattice coherency with the BCC steel matrix. It means that the interface energy

between oxide and matrix is very low and can effectively prevent particle coarsen-

ing. In the presence of radiation, there have not been consistent observations on the

particle size evolution as a function of dose [37]. Size reduction and density increase

generally shows up only at higher temperature and dose (see Figure 2-7 for an ex-

ample). Overall, the fine dispersion with long-term stability create extensive sites to

absorb defects, thus such designs are inherently radiation tolerant.

2.3.3 Nanostructuring

Nanostructured materials provide extensive interface areas of defect sinks accounting

for the high radiation tolerance. Nanostructure can be in the forms of nanocrystalline,

nanotwinned, nanolayer, nanoporous, and nanowires. Figure 2-8 depicts the applica-

tions. Zhang et al. comprehensively [40] summarized recent studies on these emerging

materials. Although the key idea is to create defect sinks by increasing boundary ar-

eas, the underlying mechanisms are drastically different. For example, it is proposed
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Figure 2-7: Oxide size distribution for samples irradiated with Ni ion at 700 oC to 0,
5, 50, and 150 dpa [37].

that nanotwinned metals accommodate additional defects by the incoherent segments

on the coherent twin boundaries. In nanoporous materials, the abundant free sur-

faces are considered as effective sinks, where defects clusters including dislocation

loops and SFTs can be absorbed [41]. Misra et al. [5] showed that the interfaces of

Cu-Nb nanolayered composites can effectively trap point defects and rapidly remove

them due to the greatly reduced formation energy of interfacial defects, which traces

back to the unique structural characteristics of the interfaces.

2.3.4 High entropy alloys

High-entropy alloys (HEAs), with multiple elements in near-equiatomic composition,

have recently received extensive attention because of the excellent properties in con-

trast with traditional alloys containing one primary element, such as high strength,

structural stability, thermal stability, and corrosion resistance. Such alloys exhibit

simple BCC or FCC crystal structure. The compositional complexities and local

lattice distortion of the random well-mixed solution effectively reduce damage accu-

mulation. Figure 2-9 shows the void distribution for several Ni-containing equiatomic

materials after Ni ion irradiation at 773 K. It can be seen that much smaller voids

in NiFe and NiCoFeCr, which implies higher swelling resistance than Ni and NiCo.

Zhang et al. observed that suppressed damage accumulation by increasing the con-
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Figure 2-8: Nanostructured materials in various forms to improve radiation toler-
ance, including nanograins, nanolayers, nanotwins, nanopores, nanoparticles, and
nanowires [40].

stituent elements [42]. Chemical alternation turns out to be an effective way to

achieve higher radiation resistance [42–45]. This also calls for an effective design rule

to optimize candidates for experimental testing.

Figure 2-9: Cross-sectional TEM images on void distribution: Ni, NiCo, NiFe, and
NiCoFeCr irradiated with 1.5 MeV Ni+ ions to 3 × 1015cm−2 at 773K, scale bars in
rightest zoomed images are 50 nm [46].
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2.4 Summary

Radiation effects are heavily dependent on both material internal properties (e.g.

crystal structure, microstructure, and composition) and external conditions (e.g. such

as radiation type, temperature, dose rate, and stress state). The complexity in real

systems where multiple physical processes may dominate, introduces knowledge gaps

in building theoretical descriptions and computational models. In this sense, under-

standing the fundamental mechanisms in controlling defect dynamics and ultimately

predicting material behavior under prolonged irradiation is of utmost importance to

assess material performance with high fidelity. In the next Chapter, efforts are paid

to examine the radiation behavior of selected material systems including high entropy

alloys and nanocrystalline materials using atomistic simulations; they build the foun-

dation of more extensive investigation and optimization of the aforementioned new

material designs.
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Chapter 3

Atomistic characterization of

radiation-induced defect dynamics

Atomistic simulations on simulating damage cascades on the order of tens of pico-

seconds render a complete picture of the primary damage stage of radiation damage,

and deliver an atom-resolved resolution. By tracking atom trajectories, detailed evolu-

tion process and interaction mechanisms can be uncovered. Conventional simulations

commonly assign an atom with a high energy which constitutes the single-cascade sim-

ulation, however, it limits the scope of study and may generate misleading results, as

continuous irradiation is expected in realistic scenarios. To break such limitation, an

algorithm is developed to consecutively introduce damage cascades into the system

to simulate continuous irradiation. The subsequent analysis generates experiment-

consistent observations and uncovers mechanistic understanding towards radiation

resistance. The following sections detail these findings in high entropy alloys and

nanocrystalline materials.

3.1 Radiation resistance in high entropy alloys

Declaration: This section mainly cites from my published work in [4], with per-

mission from the publisher.
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3.1.1 Introduction

The main technical impediment to the development of advanced nuclear power sys-

tems lies in the creation of radiation-resistant structural materials. Various ap-

proaches are under active research, ranging from oxide dispersion strengthened (ODS)

steels [47], to nanograined alloys [48], to severely plastically deformed (SPD) mate-

rials [49]. Recently, a new class of materials, called single-phase concentrated solid

solution alloys (SP-CSAs) [50], including high entropy alloys (HEAs) [51], has re-

ceived great attention due to their extraordinary, potential radiation resistance [44].

SP-CSAs are typically composed of two or more principle elements in a simple, single-

phase solid solution, with near-equiatomic concentrations. The random arrangement

of atoms results in a complex local atomic environment [42], with implications ranging

from high strength [52] while retaining ductility [53], to high fracture toughness [54],

to excellent corrosion resistance [55]. Moreover, recent experiments and simulations

indicate that these single-phase alloys have significantly better radiation resistance

than their corresponding elementary metals [44,45].

Varying alloy elemental concentrations and types changes the local atomic envi-

ronment, which can significantly influence the migration energy barriers and pathways

of radiation defects. This has been demonstrated by tuning the composition of alloys

to increase their radiation damage tolerance. Wang et al. found that radiation-

induced defect sizes resulting from ion irradiation of Ni-Cu alloys decrease when

increasing the Cu concentration from 10% to 50% [56]. Jin et al. and Zhang et

al. observed enhanced radiation tolerance in Ni-Fe alloys by increasing the Fe con-

centration up to 60% [57, 58], and suggested chemical disorder be a key factor for

controlling radiation performance [57]. Molecular dynamics (MD) simulations of ra-

diation damage accumulation have been studied intensively from elementary metals

to many SP-CSAs [43–45], revealing that more alloying (both in species and con-

centrations) demonstrates higher radiation resistance. However, these investigations

focus on the reduction of damage in a few selected alloys in comparison to elemen-

tal Ni. A comprehensive understanding of the effects of alloy composition, defect

48



dynamics, damage accumulation, and defect recombination are necessary to gain a

more fundamental basis for designing radiation tolerant alloys.

In this work, radiation-induced defect evolution and damage accumulation in ele-

mental Ni and Ni1−𝑥Fe𝑥 alloys with 𝑥 ranging from 10-90% have been studied. The

face-centered cubic (FCC) structure is considered so as to study the pure effect of the

single variable of Fe concentration 𝑥 on radiation resistance, without introducing any

additional complexity of crystal structure. However, it should be noted that when 𝑥

is larger than ∼ 70%, the FCC system is in a thermodynamically metastable state. A

hybrid Monte Carlo and Molecular Dynamics (MC+MD) approach (see Methods) is

employed to prepare well-mixed systems. MD is then utilized to impose consecutive

radiation collision cascades to achieve radiation doses of about 0.5 DPA (displace-

ments per atom) (See Methods). By analyzing defect production and evolution, it

has been found that defect accumulation clearly shows a dependence on alloy compo-

sition, and the rate of damage accumulation is controlled by the speed of large defect

cluster growth. The largest reduction in damage is observed near the minimum of

mixing energy. To obtain a more fundamental understanding of the results, defect mi-

gration energy barriers and pathways of point defects in these alloys using the nudged

elastic band (NEB) method [59] are examined. The variance of these barriers, which

reflects the complexity of the local potential energy landscape (PEL), indicates in-

creasingly heterogeneous point defect migration in the more highly radiation-tolerant

compositions. These results provide atomistic details of damage evolution and reduc-

tion, suggesting a quantitative basis for developing radiation-tolerant materials.

3.1.2 Methods

3.1.2.1 Hybrid MC+MD simulations and atom swapping

Ni1−𝑥Fe𝑥 alloys are modeled using the embedded atom method (EAM) potential de-

veloped by Bonny et al. [60]. This potential is an improved version of the Bonny

2011 potential [61], which was developed to model the production and evolution

of collision cascade-induced defects. It has been extensively applied to successfully
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predict concentration-dependent radiation defects in NiFe alloys as observed in ex-

periments [44, 58]. The initial FCC alloy structures is prepared by randomly mixing

Ni and Fe atoms at each specified composition. The simulation cell contains 108,000

atoms, and periodic boundary conditions are applied in all three directions in all

simulations.

One possible concern in atomistically simulating SP-CSAs involves the creation of

the initial atomic structure. The approach used in previous MD studies [45,62,63] was

to randomly replace one atom type with the other, which may not recreate truly mixed

SP-CSA structures. This random procedure can produce local atomic structures

with high potential energy, which are thermodynamically unstable. The as-prepared

metastable system becomes a particular concern when simulating radiation damage,

as the dissipation of damage energy and structural relaxation of the initial high-

energy atomic configuration would become convolved. Recently, an effort to construct

SP-CSAs via a quasirandom structure was made in [64], where the Warren-Cowley

short range order [65] was optimized to produce a truly random atomic structure.

In this work, a hybrid MC+MD algorithm [66, 67] is used to anneal each generated

system. In each MC trial step, a randomly selected Ni atom is swapped with another

randomly selected Fe atom. The trial move is accepted with a probability of unity

or 𝑃 = 𝑒𝑥𝑝(−∆𝑈/𝑘B𝑇 ), whichever is smaller, depending on the value of ∆𝑈 , where

∆𝑈 is the change in system potential energy after the atom exchange and 𝑇 is the

system temperature of 300K. Following 100 MC trials, 0.1 ps of MD simulation is

then performed in the isothermal-isobaric condition (NPT ensemble). This MC+MD

procedures is repeated to anneal each alloy, and a total of 50,000 MC trials and 50

ps MD runs are performed. The equilibrated systems show much lower potential

energies than those which were randomly generated.

3.1.2.2 Molecular dynamics simulations

The MD method as implemented in LAMMPS [68] is utilized to simulate self-ion

radiation damage. To deal with high energy radiation damage collisions, a Ziegler-

Biersack-Littmark (ZBL) repulsive potential [69, 70] is smoothly joined to the afore-
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mentioned EAM potentials [21], and an adaptive time step algorithm is used to limit

atomic movement to 0.05Å in each timestep. The choice of ZBL joining parame-

ters could affect the generation of primary damage as discussed by Stoller et al. [71].

In this work, the smoothly joined potentials adequately capture the features of Fe

concentration-dependent radiation defect production and evolution as seen in ion ir-

radiation experiments. First, each system is relaxed at 300K for 100 ps. An atom

is then randomly chosen as the primary knock-on atom (PKA), and the entire cell

is shifted such that the PKA is at the center. This avoids the damage cascade from

reaching the system boundaries. The PKA is assigned a kinetic energy of 5 keV,

and 50,000 adaptive timesteps of MD simulation (∼45ps) are performed. The Nosé-

Hoover temperature-rescaling thermostat [72,73] is applied to the atoms at the sides

of the simulation cell with a width of half the lattice constant, to absorb the collision

cascade energy and cool the system to 300K. This process is repeated with each PKA

randomly chosen and shifted to the center of the cell, simulating the spatially random

arrival of radiation damage cascades. Up to 1500 consecutive 5 keV cascades result in

radiation damage levels of ∼0.5 DPA. The short simulation time (an inherent limita-

tion of MD) between collision cascades yields a dose rate several orders of magnitude

higher than that in experimental conditions. Although the difference in dose rate be-

tween MD and experiments is quite large, a recent study using similar approaches has

shown good agreement with experiments [44]. Twelve independent 1500 consecutive

5 keV cascade simulation runs for each system were performed to obtain more reliable

results. Defects are identified by comparing the irradiated system with the initial per-

fect structure using Wigner-Seitz cell method. Defects analysis and visualization are

realized with the OVITO package [74] using an adaptive common neighbor analysis.

3.1.2.3 Defect migration energy barrier calculations

Vacancy and interstitial migration energy barriers are computed with the climbing

image nudged elastic band (NEB) method [59]. By removing one atom from the

equilibrated system, a vacancy is created and all twelve (not necessarily equivalent)

diffusion pathways on the FCC lattice are considered by exchanging with the twelve
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first nearest neighbors. The NEB method is used to identify the saddle point along

each minimum energy pathway, and from that the migration energy barrier is cal-

culated. Considering all possible vacancy sites in the relaxed system, the energy

barriers corresponding to ∼10,368 pathways are evaluated. Similarly, by inserting Ni

or Fe atoms into the lattice, [100] dumbbell interstitials are created. Note that due

to local lattice distortion, placing an atom at the designated position may not create

the desired dumbbell structure after relaxation. Therefore, extreme care needs taken

to confirm the initial and final configurations for interstitial migration. Only valid

rotations are considered in the calculations.

3.1.3 Results

3.1.3.1 Annealed alloy systems and their mixing energies

By preparing a stable, well-equilibrated single-phase alloy using the hybrid MC+MD

method, the system potential energies are effectively reduced for all alloys studied,

indicating a more energetically favorable system (Figure 3-1). The radial distribution

function 𝑔(𝑟) of Ni and Fe in Ni40Fe60 in Figure 3-2(a) clearly demonstrates the atomic

structural differences between the two systems (randomly prepared and MC+MD

annealed). Both the Ni and Fe distributions exhibit a smaller first peak and a larger

third peak in 𝑔(𝑟) in the annealed system, showing that more dissimilar atoms become

first nearest neighbors after the MC+MD swaps. This change in 𝑔(𝑟) implies that a

better mixed Ni-Fe structure is obtained after the annealing operation.

The equilibrated Ni-Fe alloy systems enable precise measurement of the mixing

energy ∆𝐸, a change in energy caused by elemental mixing. Before mixing, the

system energy 𝐸0 can be computed as 𝐸0 = 𝐸𝑁𝑖𝑁𝑁𝑖 + 𝐸𝐹𝑒𝑁𝐹𝑒, where 𝐸𝑁𝑖, 𝐸𝐹𝑒 are

per-atom energies of Ni and Fe, and 𝑁𝑁𝑖, 𝑁𝐹𝑒 are the numbers of Ni and Fe atoms,

respectively. The inset of Figure 3-2(b) shows how 𝐸0 and 𝐸𝑓 vary with changing

Fe concentration. The mixing energy ∆𝐸 defined as ∆𝐸 = 𝐸𝑓 − 𝐸0 is plotted as a

function of Fe concentration in Figure 3-2(b), where a local minimum is noted near

the vicinity of equiatomic concentration.
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Figure 3-1: Comparisons of randomly generated system energy with MC+MD an-
nealed system. The annealed systems show smaller energies for all alloy composi-
tions, showing that better-equilibrated configurations are obtained after MC+MD
relaxation. The energy is computed based on system of containing 10,800 atoms.

3.1.3.2 Radiation damage accumulation

The level of defect production during irradiation can be obtained by analyzing the

atomic structures from the MD simulations of consecutive damage cascades. Figure

3-3(a) presents a heat map of damage accumulation, with the x- and y-axes rep-

resenting Fe concentration and number of cascades, respectively. The map is color

coded by the number of defects (Frenkel pairs) remaining after each damage cascade.

The map shows that the level of damage increases with subsequent cascades, while

the rate of defect accumulation clearly depends on alloy composition. Figure 3-3(b)

provides a supplementary view on the trend for selected compositions with Fe ranging

from 0% to 50%. It can be seen that the number of defects is essentially the same

for these compositions up to around 50 cascades, implying that defect production

from the initial stages of radiation damage depends weakly on composition. At this

stage, damage from consecutive cascades has not yet begun to significantly overlap,
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Figure 3-2: (a) Radial distribution function 𝑔(𝑟) for Fe-Fe and Ni-Ni before (i.e.
randomly generated configuration) and after MC+MD swap annealing of Ni40Fe60.
(b) Mixing energy ∆𝐸 versus Fe concentration. The blue squares in the inset show
the energy of the annealed system 𝐸𝑓 , while the black dashed line shows the energy
𝐸0 before mixing.
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and the discrete cascades mainly produce localized point defects (see Figure 3-3(b)).

However, the curves start to separate after 100 cascades, and defect accumulation

shows a clear dependence on composition with a significant reduction in damage with

increasing Fe. It is reasonable to assume that this observed damage reduction at

high Fe concentrations is the result of enhanced defect recombination. In recent low

fluence ion irradiation experiments, a similar behavior has been reported in elemental

Ni and Ni-Fe alloys [57,58].

To clearly see how damage accumulation depends on material composition, Figure

3-4(a) shows the number of defects as a function of Fe concentration at different

damage levels. At all damage levels, the number of defects initially decreases with

increasing Fe, and then starts to increase. The very low damage level of 300 cascades

displays a maximum damage reduction near the equiatomic composition, i.e. 50%

Fe, at which the system also has the largest magnitude of mixing energy as shown

in Figure 3-2(b). With an increasing number of collision cascades, it can be seen

that the composition with the minimum number of defects slightly shifts to 60%

Fe, in agreement with recent ion irradiation experiments of Ni-Fe alloys [58]. The

interesting shift of minimum defects at higher damage levels highlights the effects

of defect dynamics and diffusion on damage accumulation, which will be analyzed

in detail in the following subsection. To highlight the good agreement between the

experimental observations and the simulation results, the damage level as measured

by backscattering yield for various Fe concentrations up to 60% is shown in the inset

of Figure 3-4(a).

The amount of radiation damage can be further connected with the mixing energy

∆𝐸 in Figure 3-4(b), where the number of surviving defects is plotted against mixing

energy for all simulated materials (including Ni and nine Ni1−𝑥Fe𝑥 alloys). In the

early stages of radiation damage (300 cascades), the damage is strongly correlated

with mixing energy ∆𝐸 with an excellent linear fit. After 900 cascades, the damage

is still an essentially linear function of ∆𝐸, though it does exhibit a somewhat weaker

dependence. The results show that the energy change during alloy mixing correlates

well with radiation tolerance, suggesting that ∆𝐸 may serve as a key metric when
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(a)

(b)

Figure 3-3: (a) Damage production map for elemental Ni and Ni1−𝑥Fe𝑥 alloys with
various Fe concentrations, subjected to radiation damage from up to 1500 consecutive
cascades (∼ 0.5 DPA). For each composition, the map is color coded by the average
number of defects (Frenkel pairs) produced from twelve independent simulations. (b)
Number of defects as a function of number of cascades for Ni and various Ni-Fe alloys
as indicated.
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(a)

(b)

Figure 3-4: (a) Fe concentration-dependent defect production at different stages of
radiation damage (300, 600, 900 and 1200 cascades). The error bars indicate one
standard deviation. The inset shows experimentally measured radiation damage at
different depths, as a function of Fe concentration from 0 to 60% [58]. (b) Correlation
between radiation damage and mixing energy ∆𝐸 for Ni and nine Ni1−𝑥Fe𝑥 alloys.
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designing radiation-resistant single-phase alloys.
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Figure 3-6: Defect distributions at different damage stages in Ni and Ni40Fe60. (a)(d)
Point defects produced after 50 cascades. Red indicates interstitials, while blue shows
vacancies. (b)(c) and (e)(f) Ordered defect structures formed at 500 cascades and
grown in size at 1,500 cascades in Ni and Ni40Fe60, respectively. Only large defect
cluster are shown. The atoms shown have non-FCC structures. The red atoms
are hexagonally close packed (HCP) stacking faults, while the solid lines indicate
dislocations.
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3.1.3.3 Atomistic processes of defect evolution

Figure 3-3 summarized the defects produced by radiation for different Ni1−𝑥Fe𝑥 com-

positions, indicating that stoichiometry has a significant effect on damage reduction.

One then must know the details of defect evolution associated with the observed dam-

age accumulation, to mechanistically understand the dynamical processes of radiation

damage. A detailed analysis of defect size distributions as a function of dose in ir-

radiated Ni and Ni40Fe60 is presented in Figure 3-5(a-b). The size distributions (bar

graphs) are colored by the number of defects in each size bin, ranging from 1 to 1000

atoms. These plots show the evolution of small (size<50) and large (size>80) defects

to clearly differ. The number of small defects quickly saturates for both materials,

while larger defects continue to grow throughout the simulated damage stages. Recall

in Figure 3-3(b) that the total number of defects continues to increase with successive

cascades. It is reasonable to conclude from Figure 3-5 that the radiation damage ac-

cumulation is essentially governed by the growth of larger clusters. The behaviors of

radiation-induced defects are particularly interesting when comparing Ni40Fe60 with

Ni, as one can see in Ni40Fe60 that the saturation density of small defects is smaller,

and the growth of large clusters is significantly slower.

To see which defect types could be associated with the behavior in Figure 3-5,

the details of the atomic structures of the damaged materials can be analyzed. The

spatial distributions of defect structures in Ni and Ni40Fe60 after different numbers of

cascades are presented in Figure 3-6. After 50 cascades, both Ni and its alloys display

similar point defect distributions (Figure 3-6(a)(d)). However, after 500 cascades, one

can clearly see the growth in defect cluster size, and ordered defect structures such

as stacking faults and dislocation loops are formed as shown in Figure 3-6(b) and (e).

The formation of ordered defects and their growth is more pronounced in Ni (Figure

3-6(c)), as far more atoms are involved in processes of defect agglomeration in Ni

compared to Ni40Fe60 (Figure 3-6(f)). One can see stable defect structures forming at

the early stages of radiation damage (about 100 cascades) in Ni, which rapidly expand

in size when interacting with surrounding defects. By contrast Ni40Fe60 develops
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stable defect structures after ∼380 cascades, which implies inherent resistance to

defect growth.

The results presented in Figure 3-5 and 3-6 show that certain alloy compositions

have higher resistances to the formation of large clusters. This may be interpreted

from the two perspectives of thermodynamic mixing energy and defect dynamics. At

the system level, the large absolute value of mixing energy of an alloy implies a strong

propensity for better mixing between Ni and Fe atoms, and an inherently energetic

resistance to the formation of large-scale defect structures. This point has been

discussed before, as Zhang et al. have noted energy dissipation as a controlling factor

in radiation resistance [57]. This is because most defects represent less elemental

mixing with higher potential energy when compared to a properly mixed, unirradiated

alloy. At the microscale, the dynamic behaviors of defects play an essential role

in damage reduction and accumulation. In Figure 3-4(a), the increase in radiation

damage resistance when increasing the Fe concentration from 0 to 60% is attributed

to the enhancement of defect annihilation. To understand these defect dynamics,

the dynamical diffusion of vacancies and interstitials can be examined through their

migration pathways and energetic barriers.

3.1.3.4 Heterogeneity of defect migration

The dynamical behavior of defects in a material can be determined by its underlying

PEL, where defect migration corresponds to the hopping (thermal activation) process

between neighboring local energy minima. A schematic illustration of hopping in the

PEL is shown in Figure 3-7(a-b). The types of migration pathways of point defects

in Ni are very limited due to the inherent symmetry in the PEL. In contrast to

Ni, the migration pathways are much more complex in alloys as a result of local

atomic complexity and lattice distortion, which generate anisotropic stress fields and

make diffusion intrinsically heterogeneous (Figure 3-7(b)). Here, the characteristics

of PELs is explored by sampling energy barriers 𝐸b along defect (interstitial and

vacancy) migration pathways, where 𝐸b is the energy difference between an initial

local minimum and a nearby saddle point. A significantly large number of pathways
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are sampled to obtain good statistics (see Methods). As a demonstration, one sample

path for vacancy and interstitial migration is shown in Figure 3-7(c). Results of energy

barrier distributions for all compositions are listed in Figure 3-9 and 3-10, where a

constant migration energy in Ni is indicated by the dashed vertical line. The variance

of these distributions reflects the roughness of the PEL, and hence the heterogeneity

of diffusion.

(a)

(b)

(c)

(d)

Initial Final

Initial Final

Figure 3-7: (a-b) Schematic illustrations of defect migration pathways in the potential
energy landscape (PEL) for Ni (a) and (b) Ni-Fe alloy, respectively. The energy differ-
ence between a local minimum and nearby saddle point constitutes the energy barrier
for defect migration. (c-d) Two examples of NEB computed point defect migration
minimum energy pathways (MEPs). The insets illustrate the corresponding initial
and final atomic configurations. (c) The calculated MEP for a vacancy exchanging
position with one of the neighbors indicated. In this work, all possible 12 pathways
for each atom are considered. (d) MEP for interstitial [100] dumbbell rotation MEP.
The migration barrier is energy difference between initial state and activation state
(saddle point).

These histograms show considerable spread in the distribution of local defect mi-
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Figure 3-8: (a) Average vacancy migration energy barrier versus Fe concentration in
Ni1−𝑥Fe𝑥 alloys. The error bars represent one standard deviation 𝑐std. (b) Average
interstitial migration energy barrier versus Fe concentration. (c) Standard deviation
of the migration energy barrier 𝑐std for all defect types versus Fe concentration.
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gration barriers. While the mean value of each distribution would be cited as its

‘migration energy’, the broad spread in local migration energies should be noted es-

pecially for compositions near Ni40Fe60. Similar computations for the full range of

Ni1−𝑥Fe𝑥 alloys are summarized in Figure 3-8(a-b). The diffusion processes are domi-

nated by low energy pathways according to transition state theory [75], which means

that unlike elementary Ni, diffusion in Ni1−𝑥Fe𝑥 alloys is spatially heterogeneous and

directionally anisotropic. The standard deviation 𝑐std of energy barriers in each alloy

is calculated to quantify its diffusional heterogeneity, as shown in Figure 3-8(c). The

values of 𝑐std for both vacancies and interstitials increase with Fe concentration, and

then decrease at around 60% Fe. Particularly interesting is the observation that 𝑐std

negatively correlates with the accumulation of radiation damage (Figure 3-4(a)). The

comparison suggests that the more complex PEL of alloys results in heterogeneous

diffusion of vacancies and interstitials, enhancing the recombination of defects.

3.1.4 Discussion

By simulating consecutive damage cascades in Ni and Ni-Fe alloys, it has been shown

that defect production in the initial stages of radiation damage is similar across all

Ni1−𝑥Fe𝑥 alloys. Nevertheless, some alloys are more efficient at annihilating defects

and restoring their crystal structures over longer periods of irradiation, thus demon-

strating better radiation tolerance. It has been found that the such tolerance corre-

lates strongly with mixing energy ∆𝐸, thus minimizing ∆𝐸 may be an indicator of

improved irradiation performance.

The notion that the energy of mixing (related directly to alloying energy or the

enthalpy of formation) may be a descriptor of stability in catalysts has been discussed

previously by Greely et al. [76] and Vej-Hansen et al. [77], who demonstrated a strong

correlation between diffusion barriers of the minority component and alloying energy

in Pt/Pd/Al-based binary alloys. Mantina et al. show that these energies are in-

timately related to the first-principles calculation of diffusion constants [78]. In the

scenario of radiation damage in Ni-Fe alloys, it has been found that such a simple

thermodynamic measure scales extremely well with the resistance to disorder.
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(a) (b)

(d) (e) (f)

(g) (h) (i)

(c)

Figure 3-9: Distributions of Ni- and Fe-vacancy migration energy barriers in Ni1−𝑥Fe𝑥.
(a)-(i) correspond to x = 10%-90%, respectively. The vertical dashed line denotes the
migration energy barrier for pure Ni. The energy barriers are calculated for ∼10,368
paths.
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(a) (b)

(d) (e) (f)

(g) (h) (i)

(c)

Figure 3-10: Distributions of Ni- and Fe-interstitial migration energy barriers in
Ni1−𝑥Fe𝑥. (a)-(i) correspond to x = 10%-90%, respectively. The vertical dashed
line denotes the migration energy barrier for pure Ni.
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A mechanistic explanation for the enhanced radiation resistance of alloys which

energetically favor mixing lies in the modification of defect migration dynamics. The

different compositions and atomic sizes of elements in SP-CSAs substantially reduce

electron, phonon, and magnon mean free paths [57], which influence defect forma-

tion energies and their dynamical evolutions. The differences of atomic size and type

specifically lead to lattice distortion, producing local structural complexity. It is

known that the defect diffusion pathways and their associated migration barriers are

governed by their surrounding atomic structures. The wide distribution of migra-

tion barriers on the complex PEL results in significant heterogeneous defect diffusion

processes, which enhance the recombination of radiation-induced defects as observed

in the simulations. It has been reported in recent experiments that the heterogene-

ity of defect diffusion makes alloys more radiation resistant than pure metals. Lu

et al. [46] explained in a recent study that the three dimensional (3D) migration of

interstitial clusters rather than one dimensional (1D) crowdion diffusion accounts for

the enhanced radiation resistance of NiFe, NiCoFe, NiCoFeCr, and NiCoFeCrMn.

The basic understanding is that defects moving in 3D forms, instead of faster-moving

1D crowdions, are confined to smaller regions of material and therefore increases the

likelihood of recombination over clustering by long range migration. Here, diffusional

heterogeneity from the spectrum of migration barriers of point defects is considered.

It has been found the interstitial diffusion in highly radiation resistant alloys is sig-

nificantly heterogeneous (high standard deviation in the distribution of migration

barriers), which could potentially slow the clustering movement of interstitials across

complex PELs. Hence a higher defect recombination rate is expected, which eventu-

ally results in fewer residual defects in the system.

To summarize, these simulation results on Ni-Fe alloys show that there is a strong

correlation between the energy of mixing and radiation resistance. Conceptually,

defect clustering becomes energetically unfavorable in SP-CSAs that strongly prefer

mixing, and an enhanced defect recombination is then expected. The general under-

standing is that local compositional complexity significantly adjusts defect migration

behavior, and ultimately modifies radiation performance. From a quantitative point

66



of view, the computation of point defect diffusion barriers demonstrated increasing

heterogeneity of defect mobility in more radiation-resistant alloys. Further study is

needed to confirm whether SP-CSAs containing more elements exhibit the same prop-

erties, and whether the energy of mixing correlates well with radiation resistance in

more complex alloy systems. In the end, minimizing the mixing energy and enhanc-

ing diffusion heterogeneity in SP-CSAs may represent a promising design criterion to

develop improved radiation-resistant materials for nuclear applications.

It should be noted that this study starts with perfect crystal with FCC struc-

ture, the high radiation resistance boils down to the efficient defect recombination

enabled by the highly heterogeneous defect diffusion mode derived from the PEL. As

mentioned in the Section 2, tuning the microstructure through nanostructuring can

reinforce the exceptional radiation performance via increasing the defect sink density.

In the next section, nanocrystalline pure metal (Cu) is analyzed in detail to highlight

the effects of grain boundaries on radiation resistance.
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3.2 Radiation resistance in nanocrystalline metals

Nanocrystalline materials have indicated very good radiation resistance, as introduced

in Section 2. Although it follows the concept of increasing defect sinks provided by

the grain boundary areas, the boundary-mediated defect annihilation mechanisms for

the radiation performance are still under investigation. This study aims to provide

detailed process of radiation damage and the mechanistic understanding of radiation

resistance in the nanocrystalline Cu.

Declaration: This section mainly cites from my published work in [79], with

permission from the publisher.

3.2.1 Introduction

Nanostructured materials, in the form of nanocrystalline [80], nanolayered [81], nanoporous

[82], and nanodispersed [3] structures have received much attention due to their ex-

ceptional tolerance of radiation damage compared with their coarse-grained counter-

parts [49]. During irradiation, point defects including vacancies, interstitials, and

defect clusters are produced by displacement cascades [83]. These defects further

migrate and aggregate, forming larger clusters such as dislocation loops, intersti-

tial clusters, stacking fault tetrahedra (SFTs) [84, 85], and voids [86]. The continual

alteration of the microstructure due to radiation leads to severe degradation of mate-

rial properties, including radiation hardening [87, 88], embrittlement [89], creep and

swelling [90], and eventual material failure. In nanocrystalline (NC) materials, the

high fraction of grain boundaries (GBs) or interfaces serve as defect sinks, ultimately

contributing to defect reduction. Recently, NC materials have been intensely stud-

ied by 𝑖𝑛 𝑠𝑖𝑡𝑢 [91–94] and 𝑒𝑥 𝑠𝑖𝑡𝑢 [80, 95] ion irradiation experiments. It has been

found that NC materials exhibit smaller defect sizes and lower defect densities than

their polycrystalline counterparts [94,96]. Moreover, the defect cluster density shows

strong dependence on the average GB spacing, with a more refined nanostructure

giving rise to a lower defect density. It is reasonable to attribute these changes to

GB-mediated defects annihilation, such as SFTs absorbed during their interaction
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with twin boundaries [93, 97]. Despite these successful experiments, the mechanis-

tic understanding of GB-mediated SFT annihilation in these materials was not fully

elucidated, mostly due to the inability to resolve the complexity at the atomic level.

To unravel the mechanisms of GB-mediated point defect annihilation, a number

of atomistic simulations have explored how collision cascades interact with GBs. The

influence of GBs on defect production was extensively investigated by many groups,

including Samaras et al. [98, 99], Bai and Uberuaga et al. [21, 100], and Demkowicz

et al. [101]. The GBs act as defect containers by preferentially absorbing collision

cascade-produced interstitials. As a result, defect distributions are strongly biased

by the GBs, leaving behind vacancy-rich bulk regions and interstitial-concentrated

GBs [49,99,102]. The interstitial-rich GBs lower the energetic barriers to interstitial

migration and efficiently emit interstitials to interact with nearby vacancies, leading

to enhanced interstitial-vacancy recombination processes [21,103].

In addition to point defects, clustered defects such as SFTs are the predominate

type in many irradiated face centered cubic (FCC) metals including Cu, Ag, Ni and

Au [97,104]. Dislocation pinning by these radiation-induced defect clusters increases

the resistance to plastic flow, causing material hardening and embrittlement [88].

Therefore, their reduction or removal is key to radiation damage resistance. For

these reasons, the interaction of SFTs with various types of pristine GBs has been

simulated [105–107], and the ability to remove SFTs depends on the GB’s structural

characteristics. Despite the successes of previous atomistic simulations, the detailed

mechanisms of SFT interaction with GBs as a function of irradiation dose and their

mechanisms for damage reduction in NC materials remain elusive, because the micro-

scopic structures of the GBs themselves are constantly changing under irradiation.

Essentially, the way in which defects interact with irradiated GBs is different from

that with pristine GBs and interfaces [49, 100]. For a comprehensive understanding

of damage reduction and the enhanced radiation-tolerance in NC materials, a consec-

utive displacement cascade algorithm is developed to perform atomistic simulations

of prolonged radiation damage in NC-Cu, a system that has been widely used in

irradiation studies [21, 70, 91, 94, 101]. The aims of this work are to understand (1)
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radiation-induced defect evolution with increasing damage dose, particularly defect

cluster nucleation, migration and aggregation in the presence of GBs, (2) the mech-

anisms and processes for SFT annihilation, and (3) how radiation-induced defect

density depends on grain size.

3.2.2 Computational models and methods

This work focuses on two representative high-angle Σ5(210) and Σ5(310) symmetrical

tilt GBs in Cu, modeled by an embedded-atom method (EAM) potential developed

by Mishin et al. [108]. Figure 3-11(a) shows the simulation model, with periodic

boundary conditions applied in all three directions. The GBs in the simulation cell

are separated by a spacing 𝜆. The lengths of the simulation box along 𝑋−, 𝑌−

and 𝑍−directions are 2𝜆 × 11.4 nm × 10.9 nm, with a series of 𝜆s ranging from

5.7 nm to 28.5 nm and atoms from 117,600 to 588,000 considered. The GB is built

by joining two perfect crystals along the (210) or (310) planes followed by static

energy minimization. A number of configurations are sampled by varying the relative

positions of the two crystals and removing atoms within a cutoff distance which

is varied to obtain equilibrium state. The stable structure with the lowest potential

energy is chosen for this study. Figure 3-11(b) and (c) show the equilibrium structures

of the two symmetrical boundaries Σ5(210) and Σ5(310), respectively. It highlights

the structural units [109] to illustrate the boundary characteristics, where both GBs

appear to be composed of kite-shaped units [103, 110, 111]. Atoms are color-coded

according to their volumetric value calculated by Voronoi analysis [112]. It is worth

noting that atoms in the GBs indicate larger free volume than those in the bulk,

implying potential sites for accommodating interstitials.

To reach a high damage dose and reveal defects evolution during irradiation, the

same methodology is used as in Chapter 3.1 in the molecular dynamics (MD) method

as implemented in LAMMPS [113]. The Ziegler-Biersack-Littmark (ZBL) repulsive

potential [69,70] is smoothly joined to the aforementioned EAM potential [21] to deal

with high energy atom collisions, and an adaptive time step algorithm is used to limit

atomic movement to 0.05 Å per timestep. Before the collision cascade simulation,
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Figure 3-11: (a) Illustration of the simulation model used in this study. Brown
atoms have a FCC structure, while GB atoms are shown in red. Periodic boundary
conditions are applied in all three directions, with periodicity along the x-direction
plotted to show GBs separated by a spacing 𝜆. (b-c) GB structures and atomic
volume. The GBs structures of Σ5(210) (b) and Σ5(310) (c) are viewed along the
[001] axis. The kite-shaped units are marked to illustrate the GB structures, where
atoms are colored by the volume of their Voronoi cells. The misorientation angle is
defined by the [100] direction of the two crystals.
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the system is relaxed to zero pressure at 300K for 100 ps. Then, an algorithm is de-

veloped to consecutively introduce 5 keV damage cascades into the system randomly.

A damage level of ∼ 0.27 dpa (250 to 1,250 cascades depending on system size) is

achieved according to the NRT approximation i.e. 𝑛×𝐸pka/2𝐸d, where 𝑛 is number of

cascades, 𝐸pka is the PKA energy and 𝐸d represents atom displacement threshold en-

ergy [11]. The short simulation time (an inherent limitation of MD) between collision

cascades yields a dose rate several orders of magnitude higher than that in experi-

ments. Although the difference in dose rate between MD and experiments is quite

large, recent studies using similar simulation approaches have shown good agreement

with experiments [4]. It should be noted that the chosen incident energy 5 keV is one

representative value from common PKA spectrum in irradiation experiments [114].

This energy enables a reasonable simulation cell to reach a damage level comparable

to experiments, and allows studying defect evolution and diffusion processes and the

underlying SFT annealing mechanisms with the presence of GBs.

To uncover defects nucleation and evolution after each displacement cascade, the

adaptive common neighbor analysis (𝑎-CNA) [74] and Wigner-Seitz cell method [70]

are utilized to identify defective structures and defect types in OVITO package [115]

. Specifically, the evolution of interstitial and vacancy is analyzed by comparing the

series of irradiated systems with the initial perfect structure. All data files supporting

the findings of this study are available on a public data repository [116].

3.2.3 Results

3.2.3.1 Dynamic evolution of defects during irradiation

The results of radiation-induced damage in Cu with Σ5(210) GBs are presented in

Figure 3-12, where defective structures (non-FCC atoms) are shown at various doses.

Similar results and defect evolution are found for Σ5(310) GBs. At a low damage level

of 0.001 dpa, one can see in Figure 3-12(a) the production of points defects and small

clusters, which cause the left-hand GB to wiggle due to its preferential absorption of

interstitials. This preferential uptake of interstitials by GBs results in a biased defect
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Figure 3-12: Radiation-induced defect clusters and GB evolution in Σ5(210) Cu at
different doses. The grain spacing 𝜆 is 11.4 nm. Atoms are color coded according to
their structures (red → HCP, blue → BCC, grey → other structure, FCC atoms not
shown). For the sake of clarity, only the ten largest defects are shown in the figures.
(a) shows the point defects and interstitial-loaded GB produced at a low radiation
dose of 0.001 dpa (two collision cascades at 5 keV). (b) displays the irradiated GBs
and radiation-induced SFTs at 0.079 dpa. (c-d) indicate that SFTs do not appear to
grow in size and number at higher doses, as they are observed to be interacting with
GBs. The SFTs are annihilated via the GB-SFT interaction. Abbreviations are as
follows: FCC, face centered cubic; HCP, hexagonal close packed; BCC, body centered
cubic; GB, grain boundary; SFTs, stacking fault tetrahedra.
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Figure 3-13: (a)-(d) Distributions of vacancy and interstitial at various doses in
Σ5(210) system with spacing 11.4 nm. Grey atoms represent GBs, while blue and red
are vacancy and interstitials, respectively. The GBs absorb most radiation-induced
interstitials, becoming interstitial-loaded and leaving vacancy-rich bulk regions. The
interstitials and vacancies are identified by Wigner-Seitz cell method.
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distribution, with a vacancy-rich bulk and interstitial-loaded boundary region (Figure

3-13). As the damage level increases, small defects are continuously produced and the

interstitials further gather in the boundary region. The GBs in Figure 3-12(b) can

be regarded as highly irradiated, which appear thicker compared with pristine ones.

They are observed to be more active to dynamically interact with the surrounding

defect clusters such as SFTs which are formed through collision cascades or vacancy

aggregation. These SFTs preferentially diffuse towards GBs and interact with them

as shown in Figure 3-12(c), eventually being removed in Figure 3-12(d). At the high

damage level of 0.221 dpa, there is not a clear increase in SFTs compared with 0.079

dpa, implying that the defect density may have saturated (see discussion of Figure

3-14). During irradiation, GBs are observed to oscillate, sweeping up nearby defects,

and this phenomenon further contributes to the damage reduction.

The total number of defective atoms (non-FCC) induced by radiation as a func-

tion of damage dose is shown in Figure 3-14(a). The defect number rapidly increases

with doses up to about 0.08 dpa, and after that the defect production rate markedly

slows, approaching saturation. Both GB types show essentially the same defect accu-

mulation behavior, while Σ5(210) has a slightly lower saturated defect density than

that of Σ5(310), which could be attributed to the extra free volume (Figure 3-11(b))

and higher energy of Σ5(210) [117]. A similar two-stage process has been observed

for the behavior of SFTs in Figure 3-14(b). However, the SFT saturation appears to

reach a slightly higher dose as compared with that for total defective atoms, because

the system requires extra time to rearrange the vacancy defects into SFTs. After

about 0.1 dpa, the number of SFTs starts to fluctuate with a characteristic zigzag

shape, suggesting a dynamic equilibrium between SFT creation and annihilation.

3.2.3.2 Mechanisms of SFT annihilation

Atomistic mechanisms underlying the removal of SFTs constitute one key to under-

standing the enhanced damage-tolerance of NC metals. It should be noted the fol-

lowing results are described for Σ5(210), whereas the same behavior is also present in

Σ5(310). The formation of SFTs during irradiation is mainly caused by defect aggre-
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Figure 3-14: (a) Total number of defective (non-FCC) atoms as a function of dose in
Σ5(210) and Σ5(210) systems. The dashed-lines are shown to guide the reader. (b)
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Figure 3-15: (a) Statistical distribution of vacancy-type defect sizes in irradiated
Σ5(210) Cu with grain spacing of 11.4 nm at damage dose from 0.01 dpa to 0.27
dpa. Mono- and di-vacancies, defective SFTs, and perfect SFTs are grouped and
shown according to their sizes (number of vacancies). (b) SFT annihilation process
via interaction with a GB. A radiation-induced SFT (upper panel) migrates to a
GB, which becomes locally distorted upon contact (middle panel). A cross-sectional
view is also provided where neighboring atoms of the GB are colored by atomic strain.
Finally, the SFT is absorbed, returning the distorted GB to a straight profile (bottom
panel). (c) shows the process of SFT annihilation by interstitial recombination. An
immobile SFT shrinks in size due to absorbing interstitials resulting from GB emission
and nearby cascades.
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gation and vacancy-void self-reorganization [118]. SFTs are commonly known to be

immobile and stable, with their energetic stability increasing with their size [119,120].

In a recent study, it was found contrary to common belief that defective SFTs are quite

mobile, and their diffusivities can be even higher than that of mono-vacancies [121].

Thus the population of different types of SFTs produced under irradiation can be

significant to understand the radiation resistance and performance of NC-Cu. Figure

3-15(a) shows the size distributions of SFTs formed during irradiation, where the size

of each is measured using Wigner-Seitz cell method by the number of constituent

vacancies [70]. All the defects have been grouped into three categories: perfect SFTs,

defective SFTs, and mono- and di-vacancies, where the sizes of perfect SFTs are so-

called magic numbers [118]. More than 82% of the SFTs are found to be defective in

the irradiated systems, and their diffusivities, depending on the size, are several orders

of magnitude higher than those of the perfect SFTs [121]. The strong heterogeneity

of the SFT diffusion is significant in damage reduction.

By probing the atomistic processes of defect evolution, two typical SFT annihi-

lation modes are identified, i.e. removal by GBs and elimination through interstitial

recombination. Their occurrence depends on the corresponding SFT mobility. Since

most SFTs are defective and mobile, GB removal is found to be the major mech-

anism for SFT annihilation in NC-Cu. Figure 3-15(b) illustrates such a process of

removing an SFT via interaction with a GB. A mobile SFT is formed 4.5 nm away

from the boundary, which at first appears to be straight. After a short time, the SFT

quickly migrates towards this interstitial-loaded GB, while the GB atoms rearrange

themselves to accommodate the incoming SFT. In the middle panel of Figure 3-15(b),

one can see that the distorted GB and the SFT are in direct contact, suggesting an

attractive interaction between the irradiated-GB and the SFT. In the meantime, a

tensile strain field develops just below the distorted GB. Following SFT annihilation,

the GB once again becomes straight in appearance, revealing a resilient, self-healing

response to radiation damage [93]. It is expected that the interstitial-loaded GBs will

reduce the defect diffusion barrier, allowing interstitials to migrate readily to redis-

tribute themselves along the GB region to facilitate the GB-SFT interaction. The
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SFT migration during irradiation is not purely random, but shows some bias towards

the GBs. This biased SFT diffusion implies attractive forces between interstitial-load

GBs and SFTs. Such preferential drift of radiation defects towards GBs and sub-

sequent self-healing interactions lead to radiation damage reduction, with a similar

mechanism observed in the interaction between point defects and interfaces [122].

The second annihilation mechanism of interstitial recombination mostly occurs in

less mobile clusters, such as perfect SFTs whose diffusivities can be several orders of

magnitude lower than that of defective ones. Figure 3-15(c) illustrates the annihila-

tion process, where a nearly perfect SFT appears some distance from a GB. In this

case, the SFT and GB are not directly connected, yet the SFT still decreases in size

(bottom panel of Figure 3-15(c)) and eventually disappears. The detailed processes

of immobile SFT annihilation is provided in 3-16. This SFT elimination signifies

interstitial absorption, which could arise from the surrounding bulk region and GB

emission. Even though nearly 18% of the SFTs in the simulations are perfect, their

structures can be disrupted by adjacent collision cascades or by incoming defects,

and conceivably some of them turn into defective ones with high mobilities. The pos-

sible perfect-defective transformation facilitates SFTs reaching GBs, and ultimately

annihilation via GB-SFT interaction.

3.2.3.3 GB size-dependent defect density

It has been reported in experiments that NC materials with smaller grain sizes have

higher tolerance to radiation in comparison with large grained materials [123], which

sparks the curiosity to study the correlation between grain size and defect density.

All defects produced by radiation damage are extracted and their size distributions

in the irradiated systems with grain spacings of 𝜆 = 5.7 nm, 17.1 nm, 28.4 nm are

shown in Figure 3-17(a). It can be seen that the system with the smallest 𝜆 of 5.7

nm has no defect cluster larger than 500 atoms, whereas in the large 𝜆 systems many

large clusters appear. The correlation between defect cluster density and 𝜆 is shown

in Figure 3-17(b). The density shows small variation with decreasing 𝜆 down to

11.4 nm, below which there is a clear reduction in density at the smallest 𝜆 of 5.7
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Figure 3-16: Processes of immobile SFT annihilation. The size of the SFT decreases
by absorbing interstitials.
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Figure 3-17: (a) Statistic distributions of defect size for different Σ5(210) spacing 𝜆.
Three independent simulations are performed for each grain spacing 𝜆, and all defects
produced at damage dose from 0.01 dpa to 0.27 dpa are extracted. (b) The density
of defect cluster (with size > 1) as a function of 𝜆 for both Σ5(210) and Σ5(310)
systems.

80



nm. A similar value of 8 nm was reported in recent experiments of nanotwinned

Ag by Yu et al. [97], at which the defect density is significantly reduced. Although

close agreement is obtained between the simulations and the experiments, it is worth

noting that defect annihilation in NC materials is a complex process, dependent on

the material, radiation-induced defect type, GB structure, and dose rate [124–126],

all of which can influence the defect-sink performance of a GB.

Figure 3-18(a-b) show the distributions of defect clusters in Σ5(210) systems ir-

radiated to 0.27 dpa with grain spacings of 22.9 nm and 11.4 nm, respectively. One

can see that a number of large clusters are formed in the bulk region away from the

GB. The drastic defect reduction at small grain spacing of 5.7 nm in Figure 3-17(b)

suggests a synergistic effect on damage reduction, more effective than the sum of two

individual GBs. The synergistic effect can be interpreted by Figure 3-18(c) which

depicts two GBs operating synchronously and cooperatively to interact with a large

SFT. This explains the irradiated system maintaining only few small-size defects (see

Figure 3-18(d)). It should be noted that similar behaviors are consistently observed

in Σ5(310) systems with corresponding spacing. The results suggest an approach to

improving material radiation tolerance by optimizing grain size from the standpoint

of this synergistic effect.

3.2.4 Discussion

In this work, the detailed, atomistic evolution of radiation-induced defects in NC-Cu

is presented with increasing dose up to 0.27 dpa. The defect density variation with

dose is found to consist of two stages, an initial stage of rapid density rise, followed

by a saturation stage at which defect creation and annihilation are approximately in

balance. GBs preferentially absorb interstitials, as has been seen in previous studies,

leaving behind a vacancy-rich bulk region. SFTs formed via the vacancy coalesce and

cluster rearrangement would retard the motion of dislocations in mechanical defor-

mation, and be responsible for radiation-induced hardening. The interstitial-loaded

GBs are mobile, fluctuating and strongly interacting with the surrounding defects,

thereby the motion of defective GBs further enhances the absorption of defects.

81



a

b

c d

Figure 3-18: (a) and (b) spatial distributions of defect clusters in irradiated Σ5(210)
systems at 0.27 dpa with 𝜆 values of 22.9 nm and 11.4 nm, respectively. (c) Two GBs
simultaneously interact with a large SFT at a small 𝜆 of 5.7 nm. Small defects are
the primary forms of damage (d).
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The simulations reveal two characteristic mechanisms involved in SFT annihila-

tion. The interaction between interstitial-rich GBs and defective SFTs is the dominant

and efficient process for SFT removal, while interstitial recombination appears to con-

tribute more to annihilate immobile, perfect SFTs. The GBs are dynamically resilient

during their interaction with defect clusters. In response to the incoming SFTs, the

GBs distort their structure and recover after absorbing SFTs in a self-healing man-

ner. It is worth noting that SFTs can also be annealed via interaction with low-angle

and irradiated coherent twin boundaries [92]. While the detailed process could de-

pend on specific boundary characteristics, the effects of GB on defect removal and

radiation-resistance appear to be quite general. The SFT annihilation-enhanced ra-

diation resistance can also be applied to other FCC metals such as Ag, Ni and Au,

which feature SFTs as the predominant defect type under irradiation. However, due

to a high stacking fault energy, Al does not form SFTs under irradiation [104] and its

specific damage reduction mechanisms require future investigation.

The diffusion of SFTs near GBs exhibits non-random walk migration character-

istics, showing a drift towards the boundary. This directional diffusion suggests an

attractive force exerted on the SFTs by interstitial-rich GBs, essentially the same as

the elastic interaction between point defects and material interfaces [122]. The drastic

defect density reduction at a small grain spacing of 5.7 nm signifies the synergistic

effects of GBs on defect annihilation, leading to the interpretation of improved radia-

tion damage tolerance in NC materials compared with their coarse-grain counterparts.

On the other hand, small grains suffer from rapid radiation-induced growth, so that

the overall radiation effects and structural impact may be governed by the competi-

tion between efficient defect annealing and simultaneous grain growth. Manipulating

the GBs through segregating dopants [127] provides a potential path to stabilize the

boundary structure and defer the rate of grain growth. The radiation-induced grain

growth is not captured by current simulations due to the low GB mobility at low

temperature and short MD timescale. It should be noted that grain growth has been

frequently reported for irradiated nanocrystalline materials, and a thermal spikes

model was proposed by Kaoumi et al. [128].
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These results provide mechanistic insights regarding damage reduction in NC met-

als, and have important implications for designing and optimizing radiation-resistant

nanostructural materials. The observed sharp change of defect density by varying

grain spacing represents design guidance on grain size of Cu, and other FCC met-

als with low stacking fault energies, subject to irradiation. This observation likely

illustrates a general trend in other materials, though the optimal size will depend

on the material type, GB characteristics, and other competing effects such as grain

growth. These results also motivate investigating the processes and mechanisms of

radiation damage reduction in nanocomposites, such as metal-carbon nanotube com-

posites [129], nanolaminates [130] and oxide dispersion strengthened materials [131].

Although increasing GB area by refining grains can significantly reduce damage

accumulation in materials, the structural stability can be undermined due to the high

grain boundary energy which constitutes a strong driving force to grain growth. The

increase of grain size may degrade the mechanical strength, and such process can be

largely accelerated by radiation, which will be detailed in next section.
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3.3 Radiation-induced grain growth in nanocrytalline

metals

Although nanocrystalline materials have demonstrated high radiation resistance, one

of the concerns is radiation-enhanced grain growth, which increases the grain sizes

and degrades the mechanical strength. However, the GB behavior actuated by radi-

ation hasn’t been fully elucidated. This study aims to provide detailed process and

mechanistic understanding of radiation-induced GB migration and grain growth in

the nanocrystalline Cu.

Declaration: This section mainly cites from my published work in [132], with

permission from the publisher.

3.3.1 Introduction

Internal interfaces such as grain boundaries (GBs) play a central role in govern-

ing many material properties in metals. For example, decreasing grain size to the

nanometer scale, which increases the volume density of GBs, considerably improves

mechanical strength [133]. Microstructural evolution due to grain growth is controlled

by a key process - GB migration. The growth of one grain at the expense of others can

be driven by various forces, from elastic energy anisotropy, non-uniform defect or im-

purity density, a gradient in temperature, and capillary forces of the curved GBs [134].

These driving forces are frequently considered in experiments and simulations to study

GB migration and growth in a variety of polycrystalline systems [135–137].

When the materials are subject to irradiation, the interface acts as an effective de-

fect sink by annealing radiation-induced defects. In this sense, nanocrystalline (NC)

metals with a high volume density of boundaries may be promising candidates for

radiation-tolerant structural materials [49], but they are known to undergo radiation-

induced grain growth at either low or elevated temperatures. In the studies of irradi-

ated polycrystalline thin films, the average grain size increases with irradiation dose

in a power law relationship with a power exponent depending on the microstructural
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characteristics, material type, temperature, and irradiation condition [138,139]. The-

oretical models based on thermal spikes at GBs were proposed to interpret the nature

of radiation-induced grain growth [128,140], in which GB is hypothesized to migrate

through biased atomic diffusion; the process occurs within the displacement cascade

(i.e. thermal spike) region in the vicinity of GB and is driven by local GB curva-

ture. The curvature-assisted GB motion has also been observed in MD simulation of

displacement cascades in nanocrystalline metals, but only arises if the thermal spike

exceeds the grain size and overlaps GB [141]. By varying the irradiation temperatures

on Zr, Pt, Cu, and Au NC thin films, Kaoumi et al. [142] suggested that there exists

thermal and athermal regimes where thermal diffusion of defects or irradiation spikes

dominates, and the transition temperature between the two regimes depends on the

material properties. Although the aforementioned experiments and simulations on

polycrystalline materials construct a picture of overall change in grain size, it’s nearly

impossible to extract a clear understanding of a specific type of GB’s response to

radiation damage due to the complexity of microstructures which contain a variety of

connected GBs and the limitation in experimental temporal and spatial resolution.

Bicrystal system is a reasonable alternative to study the properties of individual

boundaries. To prompt boundary motion, external driven forces are typically applied

to the system. external forces are typically applied to the system, including shear

stress [143], elastic stored energy [144], vacancy loading [145] and artificial synthetic

forces [117]. These have been considered in both experiments and simulations. The

resultant GB migration rates were found to be proportional to the magnitude of each

force. Without external forces or internal energy gradients, planar GBs generally

exhibit random-walk migration [146]. How they evolve under irradiation is an open

and interesting scientific question, which is of central importance to understanding

radiation-induced grain growth.

In this work, the mechanisms that govern GB migration and grain growth in NC

metals during ion irradiation are explained. Meanwhile, the detailed behavior of the

high angle GBs in NC Cu under irradiation and how the simulation results relate with

grain growth are carefully examined. In contrast with previous studies where a single
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cascade is initiated in the system [103, 141], this study elaborate the accumulating

consequences by continuously introducing primary-knock-on atom (PKA) into the

simulation box. The GB behavior revealed under such condition comes from the

interplay of multiple processes including recrystallisation of the thermal spikes, GB

preferential absorption of interstitials, interaction between SFTs and GBs, and short-

range GB interaction.

3.3.2 Methods

A Cu bicrystal with representative high-angle, high-energy Σ5(210) symmetrical tilt

GBs is studied. The structure consists of an array of kite-shaped structural units by

joining two perfect crystals along (210) planes, followed by static energy minimization.

A schematic view of the simulation model is provided in Figure 3-19(a), with periodic

boundary condition applied in each direction. The two GBs are separated by a

distance 𝜆, and the size of the simulation box is then 2𝜆 × 11.4 𝑛𝑚× 10.9 𝑛𝑚. Two

spacings, i.e. 5.7 𝑛𝑚 and 11.3 𝑛𝑚 are analyzed to explore grain the size effect. Figure

3-19(b) shows atomic arrangement of the GB, colored by atomic volume identified by

Voronoi method.

a b
GB GB

Figure 3-19: (a) shows the simulation cell with periodicity in each direction. Two
values of spacing 𝜆 are studied. (b) plots the Σ5(210) GB atomic arrangement.
Atoms are colored by per-atom volume identified by Voronoi method after performing
minimization to show the extra volume inside the GB.

The Cu-Cu interaction using the embedded-atom method (EAM) potential which

is smoothly joined to the Ziegler-Biersack-Littmark (ZBL) repulsion to resolve highly
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energetic collisions. The system is firstly equilibrated to a zero pressure for 100 ps and

followed by cascade simulation using the same procedure as described in [79]. Ran-

domly selected PKAs (primary knock-on atoms) are consecutively introduced into the

simulation cell with a kinetic energy of 5 keV, where each cascade lasts around 28.8

ps. The system is fully annealed to ambient temperature before another PKA is intro-

duced. It should be noted that this procedure inevitably leads to a much higher dose

rate comparing with experiments, nevertheless, investigation can still generate mean-

ingful results when microsctruture evolution is driven by high energy density cascades

rather than the longer time scale thermal diffusion. Using the atomic configurations

generated from MD simulations, GBs and defective structures are monitored through-

out the irradiation process by common neighbor analysis. Visualization is based on

the OVITO package [115].

3.3.3 Results

3.3.3.1 GB migration

The position of both GBs is monitored throughout the simulation process. Specif-

ically, the GB position is calculated by averaging the 𝑥-coordinate of all constitute

atoms based on common neighbor analysis. Figure 3-20(b) plots the GB 𝑥-position

as a function of time for system with ambient temperature 800 K and initial spacing

11.3 nm, where at time 𝑡 = 0 ns the initial GB 1 and 2 are located symmetrically

with respect to 𝑥 = 0. The two GBs show a general trend of approaching each other,

and end up with direct contact and rapid disappearance, as an indication of grain

growth. On the other hand, zooming in the position-time profile reveals two features

of the migration pattern: i) the movement is conducted in a temporally intermittent

manner, i.e. small gradual shift inter-weaved with abrupt change; ii) ‘back and forth’

oscillation resides in the global trend of closing in. Such fluctuation reflects a biased

migration and local adjustment of GBs due to the influence of thermal spikes and

interaction with defects. Correspondingly, Figure 3-20(c) shows the system potential

energy change (𝛿𝐸) at the end of each cascade. The residual defects from damage
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Figure 3-20: (a) shows the simulation cell with periodicity in each direction. GB
spacing of 11.3 nm is used. PKAs are randomly selected atoms with 5 keV kinetic
energy. (b) plots the GB position during the irradiation process. (c) shows the
potential energy change corresponding to (b).

89



cascades introduce extra energy into the system. Small jitters in the profile are an

indication of defect production and defect-GB interaction. Note that 𝛿𝐸 stays around

the same level before final merge and a closer examination reveals that the interaction

between the two GBs is negligible, which means the approaching trend in the long

run is not attributed to any attraction between GBs.

Figure 3-21(a) shows the histograms of atom count at each damage level, by bin-

ning GB constituent atoms along horizontal direction. It can seen that the GBs

approach closer in the long run (∆), and ultimately annihilate. The spread widens

as GBs becomes highly loaded with interstitials. In addition, the local distortion

of GB also contributes to the spread. The profile of GBs can be significantly influ-

enced by thermal spikes and nearby SFTs. Note that the removal of SFTs at GB is

very efficient and a subsequent self-healing of GB to become straight are frequently

observed. This resilient and restoring feature of GBs are also be inferred from occa-

sional decreasing spread during the irradiation process. Figure 3-21(b) demonstrates

the GB movement with 𝜆−∆, where 𝜆 takes 5.7 and 11.3 nm. The migration of GBs

is weakly influenced by the initial spacing. With 𝜆=5.7 nm, as GB distance drops,

large SFTs simultaneously interacting with both GBs contribute to the tendency of

further approaching. In comparison, GBs with 𝜆 = 11.3 nm are still beyond the

range of such type of interaction, hence they can readily retrogress. With reasonable

values of ∆ (& 5 nm), one may abstract the motion of GB disturbed by irradiation

as random walk. It ultimately leads to a close separation where concurrent SFT-GBs

interaction starts to play a role in drawing both GB closer. The mean position of GB

drifts slowly from the initial location, and a large deviation becomes increasingly less

probable. It follows that GB annihilation requires much longer time with a large 𝜆.

As ∆ shrinks to some point, the annihilation of GBs become very efficient, which

implies a critical distance may exist, with a sharp increase in the probability of GB

short-range interaction. To validate this point, multiple simulations are run for 𝜆=5.7

nm and ∆ is tracked until the rapid GB annihilation. Figure 3-21(c) demonstrates

the results of five independent cases with an ambient temperature of 800 K, which is

intentionally raised to accelerate the process. Examining the evolution process, one
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can see that as the distance between two planar GBs slowly shrinks to a small value

around 4 nm indicated by the shaded band, the annihilation of GBs become very

efficient, as large SFTs in between attracting both GBs, combined with additional

perturbation from thermal spikes can effectively trigger the grain growth.

∆

∆

a

c

b

Figure 3-21: (a) Evolution of the distribution of non-FCC atoms along the horizontal
axis at various damage level indicated by the number of cascades on the left ( T=300
K and 𝜆=5.7 nm); (b) The change in GB distance (𝜆 − ∆) for 𝜆=5.7/11.3 nm at
T=800 K with increasing dose level. (c) Multiple simulations on GB evolution prior
to annihilation at 800 K and 𝜆=5.7 nm, where the red dots indicate the start of rapid
GB elimination. The shaded band illustrates a critical interval where GBs are very
prone to annihilation. Note the temperature is raised to accelerate the process. The
position of GB is calculated the taking the average of constituent atoms.

In the irradiation process, GB is preferentially absorbing interstitials and become

interstitial-loaded. Such damaged GB is intrinsically different from the pristine one

in terms of mobility. To characterize the migration capability, the method described

by Trautt et al. [146] to extract the planar GB mobility in the zero driving force

limit is adopted. In particular, the method relates the diffusion coefficient of random

walk to mobility. Starting with irradiated and un-irradiated systems which contain

interstitial-loaded and pristine GBs, respectively, each configuration is held at 1200

K using NVT setting for 500 ps after first applying NPT with zero pressure for 25 ps.
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Pristine GB

Interstitial-loaded GB

Figure 3-22: Temporal evolution of variance of GB position (⟨ℎ̄2⟩) in irradiated and
un-irradiated systems, respectively. The GB mobility (𝑀) is calculated based on the
linear fitting using ⟨ℎ̄2⟩ = 𝐷𝑡, where 𝐷 is the diffusion coefficient.

A total of 30 independent runs were performed to calculate temporal evolution of the

variance of GB position, denoted as ⟨ℎ̄2⟩. The duplex GBs are out of interaction range

in these cases. Figure 3-22 depicts linear trends of ⟨ℎ̄2⟩ with respect to the simulation

time, and annotates the calculated mobilities (𝑀). The damaged GB demonstrates a

much higher mobility, which can be due to the more frequent atom re-organization in

the disordered structure. The mobility of GB can be readily utilized to quantify the

driven force provided by cascades assuming the interface velocity is linearly related

to the force by 𝑀 .

3.3.3.2 GB evolution

A complete process of GB evolution is captured after sequentially introducing suffi-

cient number of damage cascades into the system. Such process is found to be generic

by varying 𝜆 and system temperature. Starting from pristine Σ5(210), the random

disruptions of thermal shock cause GBs to swing back and forth. Meanwhile, the ini-

tial flat profile becomes wider and rougher in view due to the preferential absorption
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of interstitials, and interaction with nearby SFTs which induces localized curvatures.

However, GBs maintain relatively straight profile due to the resilient nature and

capability of self-healing [93, 97]. Figure 3-23(a) indicates a significant shift of GB

position, and that the morphology is modified, being loaded with interstitials. Con-

sequently, more vacancies are left in the bulk region as interstitial deficiency results

in less recombination. The vacancies are mainly in the form of SFTs. These SFTs

which are formed from aggregation of vacancies and direct production from cascades

can be highly mobile [121] and then removed at GBs, which leads to a saturation of

defect number density. The characteristic of GB being able to emit interstitials to

annihilate nearby vacancies [21] and the wiggling motion sweeping up the defects in

the way may contribute to a ‘defect-free’ zone near GBs [125] and the overall high

radiation resistance in nanocrystalline metals. Note that most SFTs reside in the

larger bulk region while the rare observation of SFTs in the small gap between GBs

is an indication of GB’s synergistic effect on efficiently absorbing SFTs generated

during thermal spikes. Figure 3-23(b) shows that a SFT can simultaneously interact

with both GBs and provides attraction that actuates GBs to get closer. After 1889

cascades as shown in Figure 3-23(c), the linkage provided by the SFT triggers direct

contact between both GBs. Figure 3-23(d) describe the GB merging details within

the span of 2 cascades. A rapid anisotropic expansion of perfect structure is observed

and finally leads to the disappearance of GBs (Figure 3-23(e)). The system ends up

with interstitial-type stacking faults and SFTs, confirmed with Voronoi cell analysis

on defect types as shown in Figure 3-23(f).

3.3.3.3 Grain growth mechanism

The radiation-induced grain growth mechanism based on the analysis of GB evolution

patterns is proposed. There are three stages involving different mechanisms as shown

Figure 3-24. In stage I (Figure 3-24a), both GBs exhibit simple random walk due

to the random occurrence of damage cascades. The fact that the initial stage of GB

migration is weakly influenced by the spacing indicates that the two GBs are out of

interaction range, and the migration is purely driven by cascades. In this period, a
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Figure 3-23: GB evolution under continuous irradiation within system 𝜆 =
11.3 𝑛𝑚, 𝑇 = 800 𝐾: (a) GBs and SFTs; (b) SFT interacts simultaneously with
both GBs; (c) direct GB contact; (d) GB annihilation process; (e) GBs disappear into
stacking faults; (f) defects in the system identified by Voronoi cell method. Number
at corner denotes the configuration at the end of such many cascades. Atoms are col-
ored by structure-type after minimization. Shaded turquoise indicates the location of
initial GBs. Only large atom clusters are shown in (a-e) for ease of visualization.

94



random walk model as described in [146] can be able to characterize the mobility of

GBs. The mean position of GB drifts slowly from the initial location, and a large

deviation becomes increasingly less probable. By increasing the number of cascades,

the random walk ultimately shrinks the distance between GBs to the extent that

both GBs can synergistically contribute to the capture of defects generated inside the

smaller bulk region. The observation of defect deficiency in the region as shown Figure

3-24b validates the hypothesis. Such efficient absorption of SFTs pull closer both

GBs. Therefore, in this stage II, GB shows a biased migration behavior. Specifically,

the random walk model breaks down here as the two GBs would rather continue

approaching than depart. As distance decreases even more such that SFTs can directly

connect both GBs, additional perturbation from cascades can effectively trigger the

GB annihilation process. In stage III (Figure 3-24c), the rapid interface motion is

driven by curvature. Perfect crystal structure quickly dominates the simulation cell.

This process is finished within tens of pico-seconds in contrast with the slow motion

for planar GBs.

Random walk – random cascade disturbance 

Biased migration – synergistic defect absorption

Fast migration – curvature drivena

b

c

PKA

GB GB

GB GB

Stage I

Stage II

SFT

GB GBStage III

Figure 3-24: Grain growth mechanism from GB evolution: (a) Stage I: GB exhibits
random walk due to the random disturbance from damage cascades; (b) Stage II:
biased GB migration dominates as the distance decreases enough to allow for syn-
ergistic absorption of defects generated during thermal spikes; (c) Stage III: rapid
curvature-driven GB migration after direct contact.
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It should be noted that GB migration is a result of both direct impact of thermal

spikes at GB region and GB-defect interaction. The former introduce local melting

volume which can directly influence the atomic jumps in GB. Indirectly, the produced

SFTs can be mobile to be absorbed at GB, which induces change in its morphology

and mobility.

3.3.4 Discussions

Intense grain growth is expected in crystalline materials with ultra-fine grain size.

Although thermally-activated grain growth has been well-analyzed [147], there is still

limited understanding towards the mechanisms of radiation-induced grain growth in

irradiated nanocrystalline systems. This simulation study aims to demonstrate the

atomistic details to bridge the gap between GB migration and grain growth. Multi-

ple simulations on spacing and ambient temperature have demonstrated this generic

evolution process of GB migration until annihilation, regardless of grain size and sys-

tem temperature, though the exact migration velocity varies with different settings.

These MD simulations of radiation damage provide details of the impact from thermal

spikes, the defect-GB interaction and GB migration, which are hard to resolve with

experimental techniques. By monitoring the change in atomic configuration after

each damage cascade, we can quantify the motion of individual boundaries, analyze

the GB evolution and extract the mechanisms of radiation-induced grain growth. Al-

though GB migration essentially boils down to thermal diffusion of atoms, the long

range thermally-activated process is neglected due to the constraint of MD time frame.

The evolution is driven by thermal spikes at GBs and GB-defect interaction including

the preferential loading of interstitials in GBs and SFT-GB interaction. It is reason-

able to believe that this study method works well at high dose rate or relatively low

temperatures where diffusion of defects is restrained, but interstitials and defective

SFTs [121] can still be mobile to be absorbed by GBs. GB evolution is accelerated

by increasing the ambient temperature in the simulations, due to the elevated mobil-

ity of defects and deeper influence of thermal spikes at GBs. Consequently, GBs are

observed to migrate faster, with much less dose required to facilitate GB annihilation.
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The nonuniform local curvatures can be induced by thermal spikes at GBs and

short-range GB-SFTs. On one hand, the curvature can explain the self-healing na-

ture of GBs, which maintain the planar profile during irradiation. On the other hand,

such distortion contributes to GB structure re-organization and observed profile os-

cillation. Due to the random occurrence of cascades, a random-walk model can be

established to describe GBmigration. Non-randomness emerges when the distance be-

tween both GBs decreases to a range where generated defects trapped in between are

efficiently absorbed and large SFTs can simultaneously interact with both neighboring

interstitial-loaded GBs. Ultimately, upon the adjoint of both GBs, curvature-driven

interface migration dominates and leads to rapid GB annihilation, with a velocity

orders of magnitude higher than that of planar boundaries. The proposed three stage

mechanism of grain growth can be utilized to develop a more thorough theoretical

analysis of radiation-induced grain growth rates and grain growth in polycrystalline

metals when subjected to elevated temperatures [148] or radiation fluxes [149]. This

methodology introduced here has practical guidance in engineering stable GB struc-

tures to maintain radiation resistance; future study could vary the characteristics of

GBs such as boundary types and introduce solute atoms so as to provide guidance

for optimizing radiation-resistant nanocrytalline materials. The desired structures

are supposed to resist radiation-induced migration and grain growth, improving the

long-term microstructure stability. It can be potentially reinforced by introducing

external objects such as fine dispersoids [150,151]. Another technique is via interface

complexion, by introducing segregating solutes and transforming the original GB into

an intergranular amorphous film. Such design will be analyzed in the next section

with Zr-doped NC Cu.
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3.4 Radiation effects in solute-stabilized nanocrys-

talline metals

Radiation-enhanced grain growth poses a serious concern for the application of nanocrys-

talline materials. Interface complexion has been used to stabilize grains by decreasing

boundary energy. Specifically, replacing the original GBs with amorphous films may

provide one avenue to achieve superior mechanical strength and structural stability.

This study aims to provide an assessment of radiation-induced behavior and radiation

performance in Zr-doped nanocrystalline Cu.

3.4.1 Introduction

Nanocrystalline (NC) materials can exhibit extremely high strength. However, they

also experience rapid grain growth even at relatively low temperatures, due to the

large driving force of grain coarsening provided by extra grain boundary (GB) area.

Although grain growth was recognized as a consequence of thermal instability where

curvature-drive GB migration is activated, radiation damage [128] can initiate such

phenomenon even at low homologous temperature regimes where diffusion is very lim-

ited. Furthermore, the mechanism of grain coarsening can be substantially modified

due to the GB chemistry [143,152–154].

Alloying NC materials has been proposed to stabilize against grain growth in the

way that it may effectively reduce GB energy via solute segregation or maintain bar-

rier to GB migration. In the former scenario where alloying elements can strongly

segregated to GBs, Kalidindi and Schuh introduced a stability criterion [155] by com-

paring the enthalpy of GB segregated state versus stable bulk phases. Stabilization

requires that the segregated state is always preferred in comparison to forming other

bulk phases such as solid solution, precipitates and ordered compounds. In addition

to enthapic consideration, entropy can also contribute to stabilizing NC states [155].

Zhou et al. [156] utilized high-entropy GB complexions to enhance the thermal sta-

bility at high temperatures as the thermodynamic driving force for grain growth can
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be effectively reduced. To date, various interfacial complexions such as solute doping,

amorphous intergranular films (AIFs) have been explored to pursue superior material

properties. Khalajhedayati et al. [127] reported that by combining nanostructuring

and interfacial complexion engineering, both the ductility and strength of NC metals

can be significantly improved.

Interfacial complexion with AIF provides a viable avenue to radiation-tolerant

material design. Ludy et al. built a atomistic Cu model with Zr dopant pervaded

a [310] GB and showed that the generated AIF acts as an unbiased sink to both

vacancies and interstitials, whereas typical GBs preferentially absorb interstitials [6].

As the existence of AIF can increase the sink efficiency of radiation-induced defects,

and also stabilize GB motion in radiation-free environment, the behavior of decorated

GBs under intense irradiation has not been elucidated. In this work, an assessment of

radiation performance of such design using Zr-doped NC Cu will be fully elaborated,

including the ion-mixing behavior, defect dynamics, and interface evolution.

3.4.2 Methods and models

Molecular dynamics simulations with LAMMPS [68] are used to study the Zr-doped

Cu system. Atomic interactions are described by an EAM potential from Borovikov

et al. [157], which provides realistic stacking fault energies. The initial atomic config-

uration is prepared by referring to the procedures in previous Cu-Zr studies [158,159]:

i) a bi-crystal with high angle symmetric tilt Σ5(210) GBs is created; ii) two slices

of atoms containing the GBs are selected and 25% of Cu atoms are replaced with Zr

atoms; (iii) the two slices are then heated up to 1600 K and held for 200 ps, while the

rest atoms are constrained to be fixed; (iv) the two slice of atoms are slowly quenched

from 1600K to 650K over 200 ps; (v) the entire system is slowly quenched from 650K

to 300K over 200 ps; (vi) relax the system at 300 K for 30 ps under zero pressure.

From this process, a stress-free initial configuration containing two AIFs for radiation

damage study is obtained. In order to characterize the interplay of the AIF thickness

and grain size, configurations with multiple combinations by varying both parame-

ters are created. Figure 3-25 demonstrates the structure with additional plot of atom
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counts across one AIF. Note that the atoms in the AIF are mainly organized with

short-range order while sharp peaks exist in the crystalline part indicating long-range

order.

The system is firstly equilibrated to a zero pressure for 100 ps. In concert with

the algorithm introduced in [79], consecutive PKAs with 5 keV kinetic energy are

randomly introduced into the simulation cell. To accommodate high energy collisions,

the Ziegler-Biersack-Littmark (ZBL) repulsive potential [69] is smoothly joined to

the aforementioned EAM potential. An adaptive time-stepping technique is used

to cap the maximum moving distance to 0.05 Å per timestep. A thermal bath to

absorb excess energy is created by applying the Nosé-Hoover temperature-rescaling

thermostat [72,73] to the atoms at all sides of the simulation cell with a width of one

lattice constant. The system is adequately annealed to the ambient temperature in

MD time frame (∼ 50 ps) before launching another PKA. In the way, ∼ dpa level

estimated by Norgett-Robinson-Torrens (NRT) model can be achieved by increasing

number of PKAs as necessary. It should be noted that the resultant dose rate is orders

of higher than that under experimental conditions, nevertheless this procedure allows

us to probe the material response and underlying mechanisms in the temperature

regime where microstructural evolution is driven by damage cascades rather than

long time thermal diffusion.

Defects and defective structures are recognized by Wigner-Seitz cell method [70]

and common neighbor analysis in OVITO [115].

3.4.3 Results

3.4.3.1 Ion mixing

In current study, ion mixing due to damage cascades have been observed: the smoothly

evolving Zr atom concentration profile during radiation damage. It implies a poten-

tial diffusion process of the doped Zr atoms driven by damage cascades, although Zr

thermodynamically tend to segregate to GBs. The ion-mixed solid solution can be at

meta-stable state.
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Figure 3-25: (a) A bi-crystal simulation cell containing two AIFs, where Cu Σ5(210)
GBs are doped with Zr atoms (Cu-25 at.%Zr). 𝜆 and 𝑑 denote the GB distance and
AIF width, respectively. Atoms are colored by the structure type; (b) Atom counts
across the AIF region between the two red-dashed lines, binned by a width of 0.1 Å.

A mathematical model may be applied to analyze the mixing process. Consider a

thin layer sandwiched between two infinite bodies. One can characterize the system

with 1D diffusion equation,

𝜕𝑐

𝜕𝑡
= 𝐷

𝜕2𝑐

𝜕𝑥2
(3.1)
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with boundary conditions,

𝑐(±∞, 𝑡) = 0 (3.2)

𝑐(𝑥 ≤ −𝑑/2, 0) = 0 (3.3)

𝑐(−𝑑/2 < 𝑥 < 𝑑/2) = 𝑐0 (3.4)

𝑐(𝑥 ≥ 𝑑/2, 0) = 0 (3.5)

where 𝑑 is the thickness of the AIF layer which centers at 𝑥 = 0. The solution can

then be written like this,

𝑐1(𝑥, 𝑡) =
𝑐0
2

[︂
erf

(︂
𝑥 + 𝑑/2√

4𝐷𝑡

)︂
− erf

(︂
𝑥− 𝑑/2√

4𝐷𝑡

)︂]︂
(3.6)

where erf is the error function and is defined as,

erf(𝑥) ≡ 2√
𝜋

∫︁ 𝑥

0

𝑒−𝑡2𝑑𝑡 (3.7)

Note that due to the periodicity of the GBs in MD simulations, the true solution

should be a superposition of infinite single film solutions centered at 𝜆 separated

locations.

𝑐(𝑥, 𝑡) =
+∞∑︁

𝑘=−∞

𝑐1(𝑥 + 𝑘𝜆, 𝑡) (3.8)

Figure 3-26 schematically plots the Zr concentration profile resulting from Eq. 3.6:

initially, Zr atoms concentrated inside the AIF (black step function); then the profile

starts to broaden due to mixing (red curve); with longer irradiation, the neighboring

profiles start to overlap (blue curve). Note that although 𝑐1(𝑥, 𝑡) can provide a good

depiction of early stages spread, more terms are needed as profiles start to overlap

and nearby single film solutions contribute nonnegligibly to the overall solution.

As a simplified model, we can use three forms of Eq. 3.6 which center at 0, −𝜆

and 𝜆 (i.e. 𝑘 = 0,±1) to approximate the Zr atom concentration profile. As 4𝐷𝑡

is a manifest to the profile spread variance and ion mixing rate, this quantity will
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be retrieved at each dose level by fitting to Zr distribution. By examining 4𝐷𝑡 with

respect to dose (𝜑), the efficiency of ion mixing with AIFs can be assessed.

…… 𝒅𝒅

0

𝒅𝒅

−𝝀𝝀 𝝀𝝀−𝒅𝒅/𝟐𝟐 𝒅𝒅/𝟐𝟐

Figure 3-26: Schematic model of Zr atom mixing behavior: evolution of Zr concen-
tration profile. Starting with initial condition (black step curve), before Zr atoms
from neighboring AIFs coincide (red curve), Eq. 3.6 can provide a good estimation
of Zr distribution. As the solution approaches the blue curve, more terms ought to
be included to account for contribution from neighboring AIF.

In Figure 3-27, the fitting to the histograms indicates such treatment is a good

approximation and the 4𝐷𝑡 is a strong indicator of the mixing pattern. Figure 3-

27(a) compares the spread with respect to dose (𝜑) for systems with 𝜆 = 5.7 nm at

300 and 800 K with two initial AIF thickness settings, i.e. 𝑑 = 3.62, 10.85 Å. It

can be seen that 4𝐷𝑡 scales linearly with 𝜑. However, with elevated temperature, the

slope increases, which means that Zr atoms mix more efficiently due to fast diffusion in

thermal spikes. On the other hand, thicker AIFs provide availability of more Zr atoms,

and the slope becomes slightly larger. To examine the effect of 𝜆, the calculation is

repeated for 𝜆=11.3 nm. By translating the number of cascades into the dose level

for comparison, it can be seen from Figure 3-27(b) that the slope of the linear trend is

not strongly related to the spacing 𝜆. In contrast, the slope varies significantly with

the ambient temperature and AIF thickness.

𝑑(4𝐷𝑡)

𝑑𝜑
= 𝛽CuZr(𝑑, 𝑇 ) (3.9)

where 𝛽 denotes the slope from linear fitting. In this way, the ion mixing behavior

can be estimated at different conditions. It is worth emphasizing that the ion mixing
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behavior studied here isolated the long range thermal diffusion given the high dose

rate. Figure 3-28 depicts the relation between 𝛽 and 𝑇 . The deviation from linear

correlation (𝛽 vs. 1/𝑇 ) could attribute to the Darken biasing factor (1 − 2Δ𝐻𝑚𝑖𝑥

𝑘𝑏𝑇
) in

atomic diffusion at thermal spikes, as discussed by Johnson et al. [160]. It is expected

the influence of increasing the ambient temperature comes from changes in the thermal

spike region. To quantify the effect, a damage cascade is introduced into a well-mixed

Cu-Zr system at different temperatures, and the mean squared displacement (𝑅2
𝑍𝑟) is

then calculated after annealing the cascade. The upper-right inset of Figure 3-28 plots

𝑅2
𝑍𝑟 versus 𝛽, which demonstrates a good linear correspondence. The displacement of

Zr atoms are mostly inside the thermal spike region which contains larger volume at

higher temperatures as shown in the left-bottom inset of Figure 3-28. It confirms that

the temperature effect on ion mixing mainly lies inside the thermal spikes volume,

rather than modify the diffusion of defects during this MD timescale.

a b

𝜆𝜆 = 5.7𝑛𝑛𝑛𝑛 𝜆𝜆 = 11.3𝑛𝑛𝑛𝑛

Figure 3-27: (a) Model fitted 4𝐷𝑡 of Zr concentration profile with respect to the
damage level for systems with 𝜆 = 5.7 nm and initial 𝑑 = 3.62, 10.85 Å at 300 and
800 K. Therein, the fitting to 𝑑 = 10.85 Å are plotted along with the histogram after
10, 250 and 500 cascades, where 𝑇 = 800 K shows much quicker Zr mixing rate.
(b) Model fitted 4𝐷𝑡 of Zr concentration profile with respect to the damage level for
systems with 𝜆 = 11.3 nm. 𝛽 denotes the slope of linear regression.
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a b

Figure 3-28: (a) Model fitted 4𝐷𝑡 of Zr concentration profile with respect to the
damage level for systems with 𝜆 = 11.3𝑛𝑚 and initial 𝑑 = 10.85 Å at 100-800 K. (b)
Linearly fitted slope (𝛽) versus 𝑇 ; upper-left: 𝛽 versus the mean squared displacement
of Zr atoms after single damage cascade in a well-mixed Cu-Zr system at different
temperatures; bottom-right: cascade induced displacement field at 100 and 800 K.

Additional simulations show that if we continue introduce cascades into the sys-

tem, Zr atoms eventually become well mixed with Cu atoms. The system becomes

metastable; nevertheless, given sufficient thermal annealing time without the presence

of irradiation, these bulk Zr atoms might segregate back into the GBs [127].

3.4.3.2 Defect reduction

The ample amount of GB area in NC materials provides strong sinks to irradiation

induced defects. However, due to the presence of dopant atoms in GB and subsequent

ion mixing, unique features emerge in terms of the defect reduction mechanisms.

Figure 3-29 compares the radiation responses in Cu (a-b) and Cu-Zr systems (c-f).

First, there are common observations shared between them: i) GBs can effectively

absorb defects; ii) the residual defects in the bulk region are mainly vacancies. The

differences include: i) initially, AIF layer is constructed in Zr-doped GBs instead of

perfect symmetric tilt GBs as in Cu (a and c); ii) in Cu, there is frequent formation of

large SFTs (b) due to aggregation of vacancies and direct production of cascades; while

in Cu-Zr, SFTs are much less frequent and smaller (d); iii) in Cu-Zr, the defective

structures are generally small in size (e); (iv) Zr atoms well-scattered in the bulk due
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to mixing are mostly consistent atoms of the FCC lattice rather than interstitials (f).

Therefore, the damage reduction mechanisms are significantly different for Cu and

AIF NC systems. In the former, radiation resistance is mainly attributed to SFT

annihilation at GBs, nevertheless, in the latter, it originates from the effective defect

recombination without the formation of large defect clusters.

a

b

c

d

e

Cu Cu-Zr doped
f

Zr

Figure 3-29: (a)-(b) non-FCC atoms shows the initial GB and atom configuration
after around 200 PKA in pure Cu at 800 K, respectively. (c)-(d) non-FCC atoms
shows the initial Zr-doped GB and atom configuration after 600 cascades at ambi-
ent temperature 800 K, 𝑑 = 3.62 Å and 𝜆 = 5.7 nm. (e) Defective structure size
distribution after 100 and 600 cascades for the Zr-doped system as in (d). (f) Zr
atoms distribution in (d) where the left shows the atom positions and the right gives
the histogram by binning atoms horizontally. (Non-FCC atoms are determined via
common neighbor analysis)

The reason of predominant small defects in Cu-Zr system is the dispersion of Zr

atoms from the AIFs. To identify the influence of Zr atoms in defect formation, we

can utilize two systems containing no GBs: pure Cu with and without randomly

distributed Zr atoms. From Figure 3-30 and evolution process, a few points can be

summarized: i) in Cu, interstitials cluster into large stacking faults, whereas in Cu-

Zr solution, small interstitial clusters scatter across the system; ii) larger vacancy

clusters primarily appear in Cu across the whole radiation process; iii) the overall

number of Frenkel pairs (FPs) are comparable. These observations imply that due to
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the presence of defect-Zr binding, interstitials are less capable of long range diffusion.

The binding energies between Cu point defect and Zr atom at lattice are calculated

with molecular statics, with 𝐸𝑏(Cu vacancy, Zr)=0.11 eV and 𝐸𝑏(Cu [100] dumbbell,

Zr)=0.36 eV. In this scenario, defects are more likely to annihilate locally or form small

clusters. Therefore, ion mixing is an important contributing factor to the damage

reduction of an AIF-engineered system.

• Vacancy
• SIA

Cu: 191 FPs Cu-Zr solution: 172 FPs

a b

Figure 3-30: (a)-(b) Residual defects in pure Cu and Cu-4.65 at.%Zr solution after
500 cascades, respectively. Blue dots denote vacancies and red dots are SIAs, both
of which are equal to the number of Frenkel pairs (FPs) shown in the figure. The
concentration of Zr is approximated using the number of Zr atoms in 𝑑 = 3.65 Å of
Cu-4.65 at.%Zr and 𝜆 = 5.7 nm system.

The efficiency of defect reduction of AIF in comparison with perfect GBs can

also be characterized by calculating the number density of defects in the bulk region.

Figure 3-31 shows the total defect and vacancy density versus dose by counting cor-

responding defects in the simulation cell excluding the interface regions. It can seen

that i) the residual defects in both system are comparable; ii) the majority of the

defects are of vacancy type.

3.4.3.3 Interface evolution

One important motivation of Zr doping is to pin down GB and alleviate the problem of

grain growth expected in NC materials. The addition of Zr atoms can not only reduce

GB energy to lower the driven force, but also it provides additional drag to GB motion.

Therefore, it is expected that the mobility of GB will decrease significantly. Figure

3-32 compares the interface movement in Cu (green) and Zr doped Cu (red). It can
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Figure 3-31: Residual defect density in the bulk region of in Cu containing GB (red)
and Zr-doped GB (black), respectively. Solid curve denotes the total number of
defects including both vacancies and interstitials, and dashed curve plots the number
density of vacancies. System setting: 𝜆 = 5.7 nm and 𝑇 = 300 K.

be seen that the location of the interface in the doped system stays almost the same

with increasing irradiation; the fluctuation is induced by the random disturbance

of cascades. By contrast, in the un-doped system, the two GBs shows apparent

migration. Green curve in Figure 3-32 plots the gradual approaching of the two GBs,

as also reflected in Figure 3-30(a-b); as the distance continues to decrease, the two GBs

adjoin at some points, followed by quickly merge of GBs and ultimate disappearance

implying grain growth. This process is elaborated in Chapter 3.3.

It should be noted that although the planar interfaces are observed to be flexibly

distorted and then self-heals to straight profile in undoped Cu as seen in Chapter 3.2,

the pattern has not been seen in the doped system. The reason could be the drag of

Zr atoms so that the interfaces don’t experience large morphological variations.

3.4.4 Discussion

This study focuses on the understanding towards radiation effects of interface-engineering

nanocrystal, specifically, Zr-doped NC Cu. The amorphous layer created by Zr dop-

ing acts as interganular ‘glue’ and unsaturable defect sinks, which contributes to

interesting phenomena, which are elaborated from three aspects: ion mixing, defect
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Cu GB contact occurs

Cu-Zr doped

Figure 3-32: GB location in pure Cu (green) and doped Cu-25 at.%Zr GB with
𝑑 = 3.65 Å, 𝜆 = 5.7 nm system (red) versus increasing damage level. The ambient
temperature for both systems is 800 K. Note that in pure Cu, the two GBs have
direct contact and start to merge at around 200 cascades.

dynamics, and interface evolution.

The ion mixing behavior can be well described by the diffusion model and the

solution is approximated with three single film solutions. The fitted 4𝐷𝑡 has a lin-

ear relation with dose. Th slope is found to be dependent on ambient temperature

and initial AIF thickness. Previous studies on ion mixing in bilayers under heavy

ion bombardment characterize the mixing rates with the consideration of chemical

effects. With suppressed radiation-enhanced diffusion at low temperatures, the phe-

nomenological model proposed by Johnson et al. [160] assumes mixing occurs by

chemically biased diffusional processes within a thermal spike, and the mixing rate

(𝛽 := 𝑑(4𝐷𝑡)/𝑑𝜑) depends on thermodynamic properties including heat of mixing

and cohesive energy. Workman et al. later achieved excellent agreement by testing

low temperature irradiated elemental 4𝑑-5𝑑 metallic bilayers and comparing with the

model prediction [161]. As an alternation to bilayer structure, the behavior of atom

mixing with sandwiched AIF should also depend on the thermodynamic characteris-

tics and potentially carry similar formulation of mixing rate. Additional parameters

including the physical dimension of AIF thickness and temperature variations should

also be accounted as noted in Eq. 3.9. By studying multiple combinations of doped
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GBs, such hypothesis can be verified.

Note that the multiple cascade simulations imply a dose rate orders of higher than

that in common irradiation experiments. By utilizing such simulation technique, sys-

tem evolution is driven by thermal spikes and long term thermal diffusion is neglected.

This assumption can be reasonable when thermal diffusion is not dominant. Although

there is thermodynamic driving force for Zr to segregate into GBs, de-mixing has not

been observed after holding the irradiated systems at 800 K for 1.0 ns. The irradiated

mixed system is at metastable state, and segregation of Zr atoms to GB is not feasible

during the simulation span.

Contrary to the understanding that GBs in NC materials preferentially absorb

interstitials over vacancies, previous work done by Ludy et al. [6] characterize AIFs

as unbiased sinks to both types of point defects by placing a PKA near AIF and

launching towards the film. The single cascade simulation describes the direct inter-

action between AIF and thermal spike. The study demonstrated a high efficiency of

AIF absorbing defects when cascades occur inside or very close to the AIF. However,

the perspective is not enough to explain the results of multiple-cascades as i) residual

defects in the bulk region are still vacancy-type dominated; ii) the number density of

defects for both systems are closely comparable. The reasons are as follows. First,

PKAs are randomly introduced into the system consecutively, which means a large

proportion of thermal spikes do not have direct interaction with AIF. The residual

defects from these cascades attempt to diffuse from the bulk. Interstitials with higher

mobility are preferentially absorbed, either via recombination with vacancies or re-

moval by AIFs. Hence, more vacancies are left behind, in the form of point defects or

small clusters. On the other hand, for those cascade regions that overlap with AIF,

one can expect ultra-efficient defect reduction without obvious bias towards any type

of defects. Second, Zr atoms scattered in the bulk due to ion mixing can create a

heterogeneous potential energy landscape, which means that the diffusion is confined

to the local region. The long-range 1D diffusion mode for interstitials is limited.

The decreased diffusion length supports the observations of isolated defects and small

clusters, as defect reduction by recombination is encouraged. Ultimately, the concen-
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tration of vacancies can then saturate at a low level. It appears that the presence of Zr

can also change defect property inside thermal spike, where direct production of large

clusters is suppressed after the locally disordered region anneals. In contrast, for the

un-doped GB system, it can be observed the formation and subsequent fast motion

of large SFTs. As the imperfect SFTs can possess a high mobility [162], absorption

of SFTs at GBs can effectively lower the number of vacancies, which is reflected by

the large fluctuation in Figure 3-31. Thus, although the defect concentration for both

systems oscillates at similar level, the underlying mechanisms intrinsically differ.

Adding doping atom effectively pins down the motion of GBs, thus grain growth

can be greatly reduced. Although Zr atoms are manufactured to concentrate in GB,

the diffusion due to ion mixing lowers the content of Zr in the AIF. However, the

deficiency of Zr atoms doesn’t change amorphous configuration in AIF. Such property

is extremely important to maintain the ductile mechanical behavior contributed by the

AIF for dislocation absorption [158]. Meanwhile, the planar interface shows stiffness

in response to damage cascades. The nearby dispersed Zr atoms create a strain field

from atomic mismatch anchor AIF motion, which can explain why the interface are

stiffer and experience much less local morphological distortion compared with un-

doped GB system.
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3.5 Summary

With the algorithm to appropriately introduce random numerous damage cascades

into the simulation cell, one can achieve experimental dose level and obtain reasonable

comparison with experiments. It should be emphasized that the dose rate is orders of

magnitude higher than that in experiments. The applicability of using such technique

to simulate the dynamic radiation process should be limited to a temperature regime

where radiation is the dominant driving force to actuate microstructure evolution

and long-range thermal diffusion of atoms is negligible. However, the fundamental

mechanisms of defects interaction and local structure evolution should stand valid

regardless. In the Ni-Fe alloy study, experimentally consistent results are acquired

on the radiation resistance with compositional dependence. The heterogeneous diffu-

sion and thermodynamic mixing energy can explains well the observation. Regarding

NC Cu, multiple aspects including GB-mediated SFT annihilation, grain size effect,

grain growth, and grain stabilization via interface complexion are examined. Ex-

tending from these studies, other material systems such as high entropy alloys with

combinatorial elements, and material designs such as nanolaminate, nano-dispersoids,

and interface engineering can also be investigated to optimize material parameters for

experimental testing.

It is worth emphasis that the neglect of long-term dynamics can become a concern

in comparing with experiments, in scenarios where it plays a major role in dictating

microstructure evolution such as high temperature and low dose rate. To alleviate

this concern, there are multiple potential ways to go beyond the MD scale, such as

accelerated MD, and mesoscale methods (Figure 4-1). These longer scale methods

such as rate theory and kinetic Monte Carlo usually need much constitutive infor-

mation from lower length scale simulations to describe the interaction mechanisms

and rates; hence, the practice of deducing high fidelity models based on these tech-

niques is sometimes subject to criticism due to the lack of enough understanding

of the physical processes. However, these physics-based computation models with

careful calibration have the potential to predict material behavior under different
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radiation conditions. In the next chapter, the “multiscale" concept in combining mul-

tiple scale-specific methods to keep up with experimental conditions is demonstrated

with specific examples of ion irradiation.
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Chapter 4

Multiscale modeling of

radiation-induced defect evolution

Although atomistic simulations as demonstrated in previous chapter can provide de-

tailed information of radiation process on the order of nano-seconds, observations

of microstructure are usually orders of magnitude higher in both time and spatial

domain. Extrapolation from atomistic methods may be misleading without the long

term defect dynamics. To resolve the time limitation, serious efforts have been put

into developing accelerated molecular dynamics methods such as temperature ac-

celerated dynamics [163], parallel replica dynamics [164], and hyperdynamics [165].

However, the description of large system is well beyond the capability of MD simu-

lations. Therefore, the multiscale framework which combines multiple scale-specific

computation methods is natural for consideration, so as to characterize physical pro-

cesses over a wide range of time and length scale, and ultimately render a direct

comparison against experiments. This chapter will elaborate the multiscale concept

by studying defect evolution in self-ion irradiated tungsten and iron.
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4.1 Defect evolution in tungsten: deviation from power

law

Declaration: This section mainly cites from my published work in [166], with

permission from the publisher.

4.1.1 Introduction

Tungsten has been chosen as one of the most suitable armor materials for fusion

reactors, as plasma-facing materials will be subject to extreme conditions during op-

eration. The divertor in particular will be exposed to simultaneous, heavy neutron

irradiation and intense heat fluxes of up to 10 MW/m2 [167]. Defects accumulated

during the exposure to neutron irradiation are known to degrade key material prop-

erties, such as ductility and thermal conductivity [168]. Studies on radiation-induced

defect cluster creation and evolution are key to providing fundamental explanations

and predictions of thermomechanical property evolution, which will drastically im-

pact the service lifetime of the components. It is therefore crucial to understand and

be able to predict the long timescale evolution of microstructural change from the

perspective of defect creation, interaction, and evolution.

Experimental research on radiation induced microstructural evolution is still lim-

ited, especially when fusion-relevant conditions are considered. Due to the extreme

environment to be present in fusion reactors, fission neutrons and ion irradiation

are commonly used as surrogates to study the radiation damage by fusion neutrons

(typically at an energy of 14 MeV from deuterium-tritium fusion). However, due to

the significant difference in the energy spectra of primary-knock-on atoms (PKA), the

validity of using results from fission neutrons or ion beams to approximate fusion neu-

trons is still a matter of debate. Nevertheless, a number of previous studies have shed

light on the mechanisms of radiation damage recovery. Residual electrical resistivity

has been measured during the recovery process of radiation damage, to identify which

defects were responsible and how quickly they moved [169]. The physical mechanisms
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governing damage recovery and evolution still remain controversial, as the microstruc-

tural changes responsible for damage cannot yet be fully characterized. Recent direct

observations of defect creation in tungsten in the transmission electron microscope

(TEM) with automated image processing to detect cluster size distributions [170]

have given indications of the longer-term evolution of defect clusters produced by

radiation damage cascades. More recent experiments on annealing of polycrystalline

and single-crystal tungsten present a better picture of defect evolution [171,172] and

links with material property changes [173].

This work combines multiple simulation methods, including binary collision ap-

proximation (BCA), molecular dynamics (MD), and rate theory (RT) in the form of

cluster dynamics (CD), to model radiation damage in tungsten. The tungsten self-ion

irradiation experiment at 30 K by Yi et al. [170] is chosen as an ideal test case for

current CD code, as its relatively low helium generation rate (from its (n,𝛼) cross

section) makes for a relatively simple validation case. In addition, these simulations

can provide insights on the evolution processes of defects, and additional sensitivity

studies would help identify the important factors that contribute to the final experi-

mental observations. In contrast with the notion that MD results can represent the

long time scale observations due to the low temperature and a power law distribution

of defect size was generated [174], current results show a clear deviation, especially

for large defect sizes. It agrees well with the observations in the experiment [170],

parameterized only by the types and sizes of mobile self-interstitial atom (SIA) clus-

ters. This implies that the mobility of small SIA clusters in irradiated tungsten can

be significant enough to explain experimental results, even at cryogenic temperatures.

The influence of dose, dose rate, and PKA energy spectrum are also analyzed.

4.1.2 Methods

The SRIM code [18] is widely used to study ion beam implantation, and to compute

radiation damage exposure in dpa using the BCA. A recent study [19] recommends

that the Kinchin-Pease (K-P) option of SRIM should be selected for accuracy. In this

work, 150 keV and 400 keV tungsten self-irradiation were simulated in SRIM using
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Quick (K-P) mode with 100,000 ions, a displacement threshold energy of 80 eV [175]

and a surface binding energy of 11.75 eV [176]. This resulted in PKA energy distri-

butions for each ion irradiation condition, from which PKA energies were sampled in

the subsequent MD simulations of damage cascades in tungsten. PKA energies were

binned into energy groups of [101.9, 102.1, · · · , 105.9] 𝑒𝑉 .

For these simulations, two EAM potentials from [177] and [178], both of which

are splined to the ZBL potential [69] for short range interactions were examined. The

system is first equilibrated for ∼ 20 ps at 30 K before introducing each PKA. Damage

cascades are initiated by assigning a velocity to the center atom with a random

direction. Each PKA energy studied consists of 10-20 independent simulations with

different initial directions, with the full PKA energy range from 100 eV to 250 keV

studied using the binning method described above. Note that this energy is a reduced

form of particle kinetic energy, where electronic loss is excluded. Each cascade is

simulated in the NVE ensemble cooled to 30 K by applying the Berendsen thermostat

on boundary layers. The cascade process lasts for ∼50ps using an adaptive time step

which allows a maximum one-step displacement of 0.01 Å. The simulation box is

chosen for each PKA energy in order to ensure the whole damage cascade lies well

within the periodic boundary. The subsequent point defect production from each

simulation is analyzed using the Wigner-Seitz occupancy criterion. To identify defect

clusters, the third nearest neighbor (NN3) and the fourth nearest-neighbor (NN4)

distances are used to identify SIA and vacancy clusters, respectively [23].

Direct point defect and cluster production terms from each MD-simulated damage

cascade are averaged across all directions and aggregated with weights according to

the PKA energy spectrum from the SRIM simulations. In this way, the final distri-

bution of clusters from self-ion irradiation at 150 keV and 400 keV is acquired. This

quantity is used as the input to rate theory simulations as direct defect production

terms, with pre-defined defect interaction coefficients from atomistic calculations [22].

The evolution of defect clusters can be described in terms of an evolving size distribu-

tion, with negative sizes representing vacancy clusters and positive sizes representing

SIA clusters. The general description for the evolution of mobile species concen-
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trations can be written as follows [30] assuming diffusion-limited reactions between

defects:

𝑑𝐶𝑚

𝑑𝑡
=

∑︁
𝑛

𝐽𝑚−𝑛,𝑚 −
∑︁
𝑛

𝐽𝑚,𝑚+𝑛 + ∇ · (𝐷𝑚∇𝐶𝑚)

−
∑︁
𝑡

∑︁
𝑠∈𝑁(𝑡)

𝑘2
𝑡,𝑠,𝑚𝐷𝑚(𝐶𝑚 − 𝐶𝑚

𝑡,𝑠,𝑚) + 𝐺𝑚 (4.1)

where 𝐶𝑚 is the concentration of size 𝑚 clusters of either vacancy or SIA type,

𝐺𝑚 is its source term from the MD simulations, and 𝐷𝑚 is its diffusion coefficient.

Summation over all defect types and sizes is performed by automatically creating one

equation for each cluster size and type, with the cross-terms (those with subscript 𝑛)

providing the coupling between cluster sizes. Microstructural damage sinks such as

dislocations in current study are identified by their type 𝑡; 𝑁(𝑡) are the subsets of

type 𝑡 sink; 𝑘2
𝑡,𝑠,𝑚 is the sink strength for cluster size 𝑚; 𝐶𝑚

𝑡,𝑠,𝑚 is the concentration of

species in the matrix close to sink 𝑠, approximated as 𝐶𝑒𝑞
𝑚 , the thermal equilibrium

concentration. 𝐽𝑚,𝑚+𝑛 is the net flux of point defects between clusters of size 𝑚 and

𝑚+ 𝑛, and 𝐽𝑚−𝑛,𝑚 is the net point defect flux between clusters of size 𝑚 and 𝑚− 𝑛.

𝐽𝑚,𝑚+𝑛 = 𝛽𝑚,𝑛𝐶𝑚𝐶𝑛 − 𝛼𝑚+𝑛,𝑛𝐶𝑛+𝑚 (4.2)

𝐽𝑚−𝑛,𝑚 = 𝛽𝑚−𝑛,𝑛𝐶𝑚−𝑛𝐶𝑛 − 𝛼𝑚,𝑛𝐶𝑚 (4.3)

Here, 𝛽𝑚,𝑛 is the absorption rate and 𝛼𝑚+𝑛,𝑛𝐶𝑛+𝑚 is the emission rate of clusters of

size 𝑛 from clusters of size 𝑚 + 𝑛, both of which can be calculated either by using

parameters from lower length scale simulations or from empirical expressions.

Assuming that only very small clusters are mobile, such that −𝑚𝑣 ≤ 𝑛 ≤ 𝑚𝑖,

then the generalized equation for immobile clusters reads as follows:

𝑑𝐶𝑛

𝑑𝑡
=

𝑚𝑖∑︁
𝑚=−𝑚𝑣

(𝛽𝑛−𝑚,𝑚𝐶𝑛−𝑚𝐶𝑚 − 𝛼𝑛,𝑚𝐶𝑛)

−
𝑚𝑖∑︁

𝑚=−𝑚𝑣

(𝛽𝑛,𝑚𝐶𝑛𝐶𝑚 − 𝛼𝑛+𝑚,𝑚𝐶𝑛+𝑚) (4.4)
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Figure 4-1: Multiscale simulation methodology used to study radiation defect size
evolution. Key results extracted in each stage are marked in bold.

A calculation framework is built in MOOSE [179] to solve this very large number

of equations, which represent the evolution of different defect species and sizes dur-

ing tungsten self-ion irradiation. The functionality of the MOOSE custom "Action"

object enables a relatively smooth approach to building a system with thousands

of similar, fully coupled partial differential equations (PDEs) and ordinary differ-

ential equations (ODEs). Meanwhile, to improve the efficiency of the calculations,

the grouping method developed by Golubov et al. [180] is implemented to group large

clusters of the same type. A group width of 5×10−11 m in r-space as described in [181]

has been applied. The solving process utilizes an adaptive timestepping scheme with

timestep ranging from 1× 10−9 to 0.01 s. A graphical summary of this full multiscale

simulation framework is shown in Figure 4-1.

The key elements in studying the evolution of the defect size distribution are

the choices of kinetic and thermodynamic parameters. Quantities such as migration

energies, attempt frequencies, binding energies, and capture radii are taken to be

consistent with previous studies of tungsten [22, 24]. Table 4.1 and 4.2 summarize

the relevant parameters used in this study. The capillary approximation of binding

energies is used for large clusters over a size of seven defects. Note that vacancy

clusters are assumed to be spherical, while SIA clusters are assumed to be in the

form of dislocation loops. In many CD studies, all diffusion is assumed to be isotropic.

120



However, it is generally accepted that 1D movement is preferred for most SIA-type

defects with occasional rotation, i.e. a mix of 1D and 3D diffusion. SIA clusters

in W may be regarded as a bundle of crowdions, which collectively have a similar

migration barrier as a single one [182]. The rotation barrier of the [111] crowdion

in tungsten has been calculated at about 0.4 eV by Derlet et al. [183]. Considering

the low temperature constraint (30 K), SIAs and SIA clusters would mostly move

in 1D. Therefore, the current CD implementation utilizes 3D kinetics for vacancy-

type defects and 1D migration for SIA-type defects based on Kohnert and Wirth’s

work [184], which considers the effect of dimensionality in a CD model of Fe.

Item value comment
SIA (cluster) migration energy (eV) 0.013 1D
Vacancy migration energy (eV) 1.66 3D
SIA (cluster) migration attempt frequency (𝑠−1) 𝜈0𝑛

−0.5 𝜈0 = 6× 1012𝑠−1, 𝑛: defect size
Vacancy migration attempt frequency (𝑠−1) 𝜈0 𝜈0 = 6× 1012𝑠−1

Mobile vacancy clusters N/A Immobile
SIA (cluster) bias factor 1.15 N/A
Vacancy (cluster) bias factor 1.0 N/A
Dislocation density (#/𝑚2) 1.0× 1012 N/A
Atomic volume (𝑚3) 1.58× 10−29 N/A
Dislocation capture radius (𝑛𝑚) 0.65 Assumption
Point defect reaction distance (𝑛𝑚) 0.65 Assumption

Table 4.1: Parameters used in cluster dynamics (PART I).

SIA binding energies (eV) Vacancy binding energies (eV)
Size (n) 𝐸𝑏

𝑆𝐼𝐴(𝑛) Size (n) 𝐸𝑏
𝑣(𝑛)

2 2.12 2 -0.1
3 3.02 3 0.04
4 3.60 4 0.64
5 3.98 5 0.72
6 4.27 6 0.89
7 5.39 7 0.72
>7 Capillary approximation 𝑎 >7 Capillary approximation 𝑎

a. 𝐸𝑏(𝑛) = (𝐸𝑏(2)− 𝐸𝑓𝑜𝑟(1))𝑛
2/3−(𝑛−1)2/3

22/3−1
+ 𝐸𝑓𝑜𝑟(1)

with formation energy 𝐸𝑓𝑜𝑟(𝑆𝐼𝐴) = 9.96 𝑒𝑉 and 𝐸𝑓𝑜𝑟(𝑉 ) = 3.23 𝑒𝑉

Table 4.2: Binding energies used in cluster dynamics (PART II).

Diffusivities are calculated according to an Arrhenius law, i.e. 𝐷 = 𝐷0exp(− 𝐸𝑚

𝑘𝐵𝑇
)

where 𝐷0 is a prefactor depending on the attempt frequency and 𝐸𝑚 is the migration

energy, both of which are based on Table 4.1. The absorption rate between 3D
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diffusing species is determined by 𝛽𝑚,𝑛 = 4𝜋(𝑟𝑚 + 𝑟𝑛)𝑍𝑚,𝑛(𝐷𝑚 + 𝐷𝑛) where 𝑟𝑚 and

𝑟𝑛 are approximated by the capture radii, and 𝑍𝑚,𝑛 is a bias factor accounting for the

strain field. For 1D diffusing species, the formalism described in detail by Kohnert

and Wirth [184] is employed. Specifically, the interaction rates between 1D diffusing

defects and other types is primarily determined by the cross-sections, which are readily

categorized. It is assumed that the reactions between defects take place spontaneously

whenever the two involved entities come closer than a specified reaction distance.

Only emission of point defects is considered from clusters, and this rate is written as

𝛼𝑚,𝑛 = 𝛽𝑚−𝑛,𝑛

Ω
exp(− 𝐸𝑏

𝑘𝐵𝑇
) where Ω is the atomic volume, and 𝐸𝑏 is the binding energy

of a point defect to a cluster of size m. As a simplification, the spatial dependence of

defect production is not considered.

All related data files used to create the results and figures in this study can be

found on our GitHub repository [185].

4.1.3 Results

PKA energy spectra for 150 keV and 400 keV tungsten self-ion irradiation, obtained

from SRIM simulations, are plotted in Figure 4-2. The trend is as expected, with more

energetic incoming particles extending the PKA spectrum to a higher energy regime.

These PKA energies used for binning are then adopted in the MD simulations as initial

PKA energies, to study the detailed behavior of point defect production in tungsten

as a function of PKA energy. The final cluster size distribution is calculated as a

weighted average with respect to each PKA spectrum. Figure 4-3 shows the number

of point defects created versus 𝐸𝑃𝐾𝐴. Note that energy in the spectrum (𝐸𝑃𝐾𝐴) is

different from the MD damage energy (𝐸𝐷) due to ignoring electronic stopping in the

MD simulations. The partition of kinetic energy using this assumption is calculated

according to the Lindhard method [1]. Wigner-Seitz cluster analysis on both 150 keV

and 400 keV self-irradiation annealed cases reveals that slightly more vacancies are

found in clustered states compared to interstitials with the clustering criteria. The

proportion in Figure 4-4 is calculated by 𝐹 (𝑛)∑︀
𝑛𝐹 (𝑛)

where 𝑛 is defect size and 𝐹 (𝑛) is

the frequency of occurrences.
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Figure 4-2: PKA spectra calculated from SRIM, for tungsten self-ion irradiation at
150 keV (black) and 400 keV (yellow)

Figure 4-3: Number of defects created at various PKA energies in MD simulations
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Figure 4-4: Defect cluster size distribution at 30 K during the primary stage of
tungsten self-irradiation. For each case, a power law fitting is provided along with
the corresponding 𝑅2 value.

The MOOSE-based CD framework described in Equations 4.1-4.4, with parame-

ters from Tables 4.1-4.2, is then used to perform the long timescale evolution of these

created defects, the direct production of which (the source term 𝐺𝑚) in Equation 4.1

is calculated by multiplying the total defect creation with the size distributions from

Figure 4-4. By solving this system of coupled ODEs, the time-dependent concentra-

tions of all species of interest can be extracted. First, three sensitivity studies are

presented to ensure that the framework produces expected results as functions of SIA

cluster mobility, dose rate, and incoming ion energy. It has been found that at low

temperatures, the rates of SIA cluster diffusion and absorption are the main commu-

nication mechanisms along the cluster size distribution. One would also expect that

an increased dose rate leads to less severe microstructural change given the same dose

and other parameters [186]. In addition, a larger incoming ion energy is expected to

produce denser damage cascades, resulting in fewer point defects and more clustered

vacancies and SIAs when normalized to the incoming ion energy [187]. Next, the total

dose during 150 keV self-ion irradiation is varied to study the kinetics of evolution
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of a stable cluster size distribution. Finally, the experimental parameters from the

experiment of Yi et al. [170] are used in current CD framework to produce a direct

comparison with the results of Sand et al. [174] and Yi et al. [170].

4.1.3.1 Effect of SIA cluster mobility

Figure 4-5 shows the defect size distribution after irradiation with 150 keV ions for

one second, by varying the largest SIA cluster size (𝑁𝑖𝑚𝑎𝑥) allowed to be mobile. As

expected, the profile shifts preferentially to larger sizes with increasing 𝑁𝑖𝑚𝑎𝑥, with a

peak large size evident when rather large SIA clusters are allowed to be mobile. Since

more and more defect clusters are mobile, they can interact with each other more

efficiently and agglomerate more easily into larger clusters. Comparing the calculated

distributions in Figure 4-5 with in situ TEM observations [170], a similar trend is

observed, which implies that only small SIA clusters are mobile. Even though there

are recent MD studies of single large and highly mobile SIA clusters in tungsten [182],

experimental results like those of Yi et al. consistently show a distribution of defects

corresponding to smaller mobile SIA cluster sizes. The slope of the power law region

in the data of Yi et al. best matches the simulations when the largest mobile SIA

cluster is of size six, so this value is used in future parts of this study.

4.1.3.2 Effect of dose rate

The dose rate can be calculated from the experimental parameters of Yi et al., in-

cluding dose and time duration. In the case of 150 keV self-ion irradiation, the dose

rate was approximately 0.0125 dpa/s in the peak damage area. Two other dose rates

of 0.025 and 0.05 dpa/s with the same MD-generated defect production spectrum are

also included to explore the underlying trend of defect distribution vs. dose rate. It

should be pointed out that the total dose is kept constant at 0.014 dpa. Figure 4-6

demonstrates that a higher dose rate leads to a slower shift of the profile to large

cluster sizes, which would be expected given less time between overlapping damage

cascades. This corresponds to a stronger, but still slow, driving force for radiation

defects finding an equilibrium distribution. The results imply that more defects get
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Figure 4-5: Defect size distribution with different mobility constraints on the largest
mobile SIA cluster (𝑁𝑖𝑚𝑎𝑥), after one second of 150 keV tungsten self-ion irradiation

annihilated in a short time due to the more intense production of defects, and hence

imposing more of a time constraint for them to diffuse away from each other. It

is important to point out that only the magnitude of the defect size distribution is

lowered, while the slope at all points remains relatively unchanged.

4.1.3.3 Effect of ion energy

A key difference between 150 and 400 keV self-ion irradiation lies in the PKA energy

spectrum (see Figure 4-2), resulting in a different defect production distribution (Fig-

ure 4-4). Note that to isolate the influence of the primary damage residual defects,

the dose rate and total dose are kept equivalent for both simulations at 0.0125 dpa/s

and 0.014 dpa, respectively. Figure 4-7 shows that the 400 keV case evolves more

slowly than the other. This is due to a larger fraction of point defects in the high

energy scenario, which less effectively combine to form large clusters.
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Figure 4-6: Final defect size distribution in self-ion irradiated tungsten, with three
different dose rates applied to the same dose (with 𝑁𝑖𝑚𝑎𝑥 = 6)

Figure 4-7: Defect size distribution in self-ion irradiated tungsten to 0.014 dpa, with
incoming ion energies of 150 keV and 400 keV applied at the same dose rate (𝑁𝑖𝑚𝑎𝑥 =
6)
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4.1.3.4 Effect of total dose

Various order of magnitude doses are compared using the 150 keV self-ion irradiation

condition with a dose rate of 0.0125 dpa/s. The results are plotted in Figure 4-8a,

indicating an increase in total defect number density and augmented agglomeration of

small clusters into larger ones at higher doses. A plateau develops in the plot of cluster

density with increasing dose (Figure 4-8b), which implies a temporary, metastable

balance between the direct production of small defect clusters and the decrease in

the total concentration of larger ones due to agglomeration with mobile SIA clusters.

Notable is that the slope of the defect size distribution does not change for medium

sized clusters after 10−4 dpa in Figure 4-8a, though small clusters continue to decrease

resulting in more larger clusters. This is also consistent with our knowledge of defect

cluster size evolution. Thus all four sensitivity studies yield relatively expected results,

so the experimental case can be more confidently analyzed.

4.1.3.5 Effect of defect production rate

It should be noted that the choice of interatomic potential used in MD simulations in

order to characterize primary damage can change the values for the defect production

term in the CD model. The reason is that the description of atom interaction varies.

To evaluate the sensitivity of the system evolution to defect production, a repeat of

calculation are performed, with defect size distribution from another potential [178].

The results are presented in Figure 4-9. Similar pattern is acquired with an off-the-

shelf power-law fitting by Sand et al. [188].

Although the choice of potential used in MD simulations may change the exact

production rate of defect clusters, the mobility of large SIA clusters would not be

significant enough to noticeably affect the observations. In this way, these BCA-

MD-CD simulations generally agree with experimental results of defect cluster size

distributions as measured in the TEM, irrespective of the choice of a suitably accurate

interatomic potential in the MD simulations.
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(a) Final defect size distribution with different doses at the same dose rate

(b) SIA cluster density vs. irradiation dose

Figure 4-8: Effect of total dose on the defect cluster size distribution in self-ion
irradiated tungsten, at a dose rate of 0.0125 dpa/s and a maximum mobile SIA
cluster size of 𝑁𝑖𝑚𝑎𝑥 = 6)
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(a) MD simulations on defect cluster size distribution at 30 K during the primary damage
stage of tungsten self-irradiation with another potential [178].

(b) Defect size distribution with different mobility constraints on the largest mobile SIA
cluster. Defect production term is based on Figure 4-9a.

Figure 4-9: Effect of defect production term in CD model
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4.1.3.6 Experimental comparison

These simulations model the experiments of ultra-high purity tungsten by low-dose,

high-energy self-ion irradiation at 30 K performed by Yi et al. [170]. It was ex-

pected that such a low temperature offers a description of primary damage caused

by individual collision cascade events, and provides direct evidence of a power law

size distribution of nanoscale defects formed in high-energy cascades. However, by

further examining the experimental results, the size distribution exhibits a clear de-

viation from the power law at longer times, which suggests that other underlying

kinetics become significant even at this low temperature. Note that even with a time

duration of ∼ 1 s and a low temperature (30 K), SIAs and SIA clusters are still highly

mobile due to extremely low migration energy barriers (∼ 0.01eV). By contrast, since

vacancy clusters possess high migration barriers and low attempt frequencies, only

the monovacancy is considered to be mobile in the model.

Figure 4-10 shows the results of CD simulations of self-ion irradiation in tungsten,

overlaid with the experimental results of [170] and the MD simulations by Sand

et al. [174]. To maintain consistent units, the original figure is re-plotted after a

first order approximation of defect concentration with an operation shown in Eq.

4.5. The difference between current CD predictions and the original MD simulations

results from the longer timescale evolution of the defect size distribution. Sand et

al.’s results highlight a size-scaling pattern in the initial stage of radiation damage

(the defect production term), while longer timescale evolution may be necessary to

compare against experimental data and explain the deviation from a power law. The

measured defect size distribution matches very well with the CD simulations in this

study. This implies that additional SIA kinetics play an important role in defect

evolution beyond the MD timescale, even at such a low temperature.

(Fluence ∼ 1.25 × 1016𝑊+/𝑚2) × (Frequency per ion)

(Damage depth ∼ 10𝑛𝑚)
(4.5)

131



Figure 4-10: Defect cluster concentration as generated by MD simulations [174], rate
theory calculations (this work), and experimental measurements [170].
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4.1.4 Discussion

Because defect clusters usually become increasingly stable with size, and multiple

self-interstitial atom (SIA) cluster sizes are mobile, one would not expect a true

power law to evolve in this case, but rather a truncated version with dips from the

expected power law behavior on both the large and the small ends of the cluster

size distribution. Indeed this is precisely what was observed by Yi et al. [170]. This

study uses a combination of simulation techniques to reach experimental timescales

to reproduce the Yi et al. data regarding the defect size distribution.

Typical parameters in self-ion irradiation have been explored to extract insights

regarding defect evolution behavior, including the mobility of SIA clusters (Figure

4-5), dose rate (Figure 4-6), incoming particle energy (Figure 4-7), and total dose

(Figure 4-8). A number of conclusions can be drawn from the simulation results:

1) The SIA cluster mobility is very important in determining the final defect size

distribution. An upper limit to the mobility of SIA clusters of size six yields results

very close to experimental measurements (Figure 4-10). 2) A higher dose rate limits

the defects’ ability to cluster into larger groups, since more annihilation of SIAs

and vacancies is anticipated with less relaxation time between damage cascades. 3)

Different ion energies result in different defect cluster production terms: for the higher

energy case (400 keV), the amount of small clusters is greater than that of the lower

energy case (150 keV). A direct explanation is that the fraction of point defects

production is higher in 400 keV irradiation. 4) More clusters are expected with

increasing dose, and a plateau in the total number of clusters develops across a range

of doses.

The only fitting factor remaining in this study is the cutoff size chosen for the

largest mobile SIA clusters (𝑁𝑖𝑚𝑎𝑥). The very fact using that this cutoff delivers

good agreement with experimental results indicates that the mobility of large clusters

may be constrained in the system. Here one can draw inspiration from studies on the

mobility of SIA clusters [189] and the drastic effect of carbon atoms (on the scale of

ppm) on raising the migration barriers of point defects in Fe [190], and solute-defect
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interactions in W [191,192]. These studies lead us to believe that although some SIA

clusters composed of crowdions are highly mobile, and undergo 1D motion on their

glide prisms in MD simulations, SIA cluster motion in general depends significantly

on cluster size, shape, and other extrinsic factors such as trapping by solute atoms

and sources of internal stress, including surrounding defects and sinks. Due to the

insufficient number of atomistic studies on this subject, more careful investigation on

the mobility of SIA clusters is needed to confirm the explanations.

Note that MD simulations of primary radiation damage can have quite different

results depending on the choice of interatomic potentials, especially for tungsten as

shown by Sand et al. [193]. Compared with the current work, Sand et al.’s MD

results based on Derlet et al.’s potential [183] show the production of large clusters

[188, 193] with sizes around 100-200, as also indicated in Figure 4-10. It could be

due to the intrinsic emphasis of the potentials, for example, Derlet et al. [183] used

the family of short-range FS-type potentials to find new parametrizations for W,

and applied the potential to study the thermally activated migration of SIAs in W.

Meanwhile, Marinica [178] developed the EAM potential for studying radiation defects

and dislocations in W. Thus, it is not feasible for us to identify the exact reason that

causes the discrepancy at this time. Since the probability of capturing large clusters is

rare in such simulations, it is worthy to note that in the limited number of independent

simulations, it is likely that the possibility of production of large clusters is neglected.

However, with various source terms, either from aforementioned potentials [177,178]

or off-the-shelf power-law fitting [188], similar evolution results can be achieved with

a fitting parameter of 𝑁𝑖𝑚𝑎𝑥. This implies that although the exact value of 𝑁𝑖𝑚𝑎𝑥

may change with different potentials, such a cutoff still exists in order to obtain

reasonable agreement with experiments. Therefore, the mobility of large clusters

may not be significant enough to matter in this case.

The CD simulations agree generally well with the available experimental observa-

tions. The MD studies of Sand et al. up to nanosecond timescales also achieve good

agreement with the middle of the experimental defect cluster size distribution, while

longer timescale methods such as CD may be necessary to accommodate observed
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features for smaller and larger cluster sizes. The deviation in the first experimental

data point with the CD results can be explained by the infeasibility of identifying

such small defects, as pointed out by Yi et al. [170]. For the largest cluster size, the

stated concentration represents very few observed clusters of this size, therefore CD

results are not expected to provide a perfect match with low statistics.

Finally, a more recent study by the originators of the experimental data also

demonstrates excellent agreement between simulations and experiments of self-ion ir-

radiated tungsten, by considering the additional changes to the defect size distribution

from sub-cascade splitting [194]. Both studies recreate the experimental deviations

from a power law size distribution, calling into question which, if any, explanation is

correct. The key difference in the two explanations is long timescale microstructural

evolution. In the work of Sand et al., one would expect a relatively time-invariant

shape in the defect size distribution, as sub-cascade splitting occurs on the order of

picoseconds to nanoseconds. In this study, the shape of the defect size distribution

continues to evolve with time, as evidenced by Figure 4-8a. In Figure 4-8a, one can

see that the magnitude of the defect size distribution increases continuously with

increasing dose, after changing shape at very low doses. More experiments of self-

ion irradiated tungsten, performed under the same conditions at different order of

magnitude doses, will likely resolve this question. In other words, this represents

an under-constrained validation problem, where the addition of one experimental

variable, in this case time evolution of defect populations, will determine which ex-

planation (primary radiation damage and/or kinetic evolution of smaller clusters)

is principally responsible for the observed defect distribution in self-ion irradiation

tungsten. Should irradiations to longer times show little to no deviation from the

one-second irradiation, then the explanation of direct production in primary radia-

tion damage will be shown to be correct. However, should the defect size distribution

significantly change with continued irradiation, then cluster dynamics will have been

shown to be the right tool to model this situation. Then, validation with multiple

experiments can help inform the most appropriate choice of interatomic potential us-

ing shorter irradiations, as well as any hard cutoff in the largest mobile SIA cluster
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size using longer irradiations.

4.1.5 Conclusion

The application of multiple simulation methods (binary collision, molecular dynamics,

and rate theory) has proven to be effective in studying the long timescale evolution

of radiation-induced defects in self-ion irradiated pure tungsten. Good agreement has

been achieved between the defect cluster size distribution found in experiments and

CD simulations, while only using the largest mobile interstitial cluster size as a fit-

ting parameter. The deviation from power law scaling found in MD simulations can

be understood from the more rapid motion of small SIA clusters. The effectiveness

of the code developed in this study demonstrates its potential to be used in similar

irradiation cases, and the capability to incorporate spatial dependence in future re-

sults. This in particular will allow for the explicit study of depth-dependent defects

resulting from ion irradiation. The next logical extension of this CD framework is to

include the effect of gas atoms such as helium, following the work of Xu et al. [195],

Golubov et al. [196], and Marian and Hoang [197], so that more realistic and varied

cases may be studied.
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4.2 Spatial dependent defect evolution in Fe

Ion irradiation has been commonly used as a surrogate to neutron to interrogate ma-

terial response within a short time span. By contrast, ion irradiation with directional

particle beam leads to defect production with significant spatial dependence from the

primary damage state. This feature brings about spatial dependent microstructure

evolution. This section progresses on top of the classical mean-field rate theory as

presented in Section 4.1, and use cluster dynamics to explicitly tackle the spatial and

temporal defect evolution in self-ion irradiated Fe.

4.2.1 Introduction

The spatial and temporal variation of radiation damage leads to non-uniform evolu-

tion of microstructure, such as swelling, hardening and segregation. Atomistically,

spatial arrangement of displaced atoms is crucial in determining the defect produc-

tion efficiency or evolution pattern. Computationally, on top of MD simulations of

the damage cascade, KMC is able to resolve the 3D spatial correlation of objects in

the system including point defects, clusters, and impurities. On the other hand, using

the theory of chemical reaction kinetics, the evolution can be modeled in continuous

space by constructing a set of differential equations to describe the chemical con-

centrations of all defect species in the system. Ignoring the stochastic nature of the

system, chemical master equations (MEs) are a mesoscropic description of kinetics

with rate coefficients from transition state theory. Although on the atomistic level,

the time evolution of a system can be well-characterized by molecular dynamics and

Monte Carlo simulations, the tracking of whole system evolution can become compu-

tationally prohibitive. Therefore, the application of MEs gains popularity in recent

years. The classical MEs assumes 1) the system evolves deterministically, i.e. the

volume is large enough such that the atomistic fluctuation can be safely ignored; 2)

the system the well-mixed via diffusion or constant stirring [26]. The development of

formulation based on the point defect/cluster dynamics has been useful in explaining

multiple phenomena where the role of spatial dependence with the experimental set-
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ting is not dominant, such as bubble coarsening [198], irradiation growth [199], and

electron/neutron irradiation [200].

Although classical rate theory assumes the concentration of species is homoge-

neous, the spatially dependent factors such as the production of defects, inhomoge-

neous microstructure, and surface effects, necessitates an appropriate treatment of

spatial dependence in MEs. Typical examples are heavy ion implantations and thin

film experiments. Figure 4-11 highlights the features of material response consider-

ing heavy ion implantation and surface effects in thin film, respectively. As current

implementation of CD is based on finite element method, any spatial-varying quan-

tities and diffusion process can be conveniently incorporated. The model is adapted

to describe the cluster evolution in pure iron subject to self-ion irradiation. By ex-

tracting the final distribution of defect clusters and calibrating against experimental

observations [201], some key understandings can be inferred and predictions can be

made for the response due to long term irradiation.

a b

Figure 4-11: (a) Depth dependent of void swelling curve and distribution of deposited
Fe ions in pure Fe with 3.5 MeV self-ions to various peak damage level [201]; (b)
Distinctions between distributions of vacancy clusters from MD damage cascade sim-
ulations in bulk and thin foil (Fe and W, with PKA energy at 50 and 150 keV) [188].

4.2.2 Methods

The same implementation and formulation of coefficients of the CD model as intro-

duced in the tungsten study (Section 4.1) is utilized. However, here we emphasize the
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spatially dependent defect production in the self-ion irradiation of Fe. To precisely

generate the source term for all defect clusters, the following scheme is employed

(Figure 4-12): (i) use SRIM to generate vacancy production and ion deposition for

the prescribed 100 bins across the 1D implantation range; (ii) extract PKA energy

spectra from SRIM output for each bin; (iii) calculate overall cluster size distribu-

tion for each bin, by aggregating PKA spectrum and cluster distribution from MD

simulations of PKAs at various energies in discretization; (iv) use the source term

for defect clusters into CD model and evolve the system using parameters consistent

with the experiments. It is worthy to note that such spatial dependence can not

resolve the spatial correlation between defects, thus it has been controversial on the

importance of such issue in influencing long term defect evolution. Argument goes

to that whether KMC is necessary to anneal the defective systems generated from

MD simulations to dilute the correlations before CD calculation is performed. In this

study, such issue is neglected for simplicity, which may call for further confirmation.

…

1e3

100 bins

 PKA spectrum
 Defect production

(a) (b)

(c)

−𝑁𝑣 −𝑁𝑖

Figure 4-12: (a) shows the vacancy production and injected ion deposition rates based
on the output from SRIM simulations with 10,000 ions and experimental conditions
in [201]. For each bin across the depth (100 bins in total), PKA spectrum and
consequent defect size distribution from the primary damage stage can be acquired
by incorporating MD simulations of cascades. (b-c) Example of the PKA spectrum
and the defect size distribution in the peak damage bin (around 0.9 𝜇m).

To acquire cluster size distribution for each bin, use bin 𝑖 with defect production
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rate 𝑁𝑖 as an example,

ℎ(𝑠) =

∫︀
𝐸
𝑔(𝑠;𝐸)𝑁(𝐸)𝑓(𝐸)𝑑𝐸∫︀

𝐸
𝑁(𝐸)𝑓(𝐸)𝑑𝐸

(4.6)

where ℎ(𝑠) is probability of a defect in cluster size 𝑠, 𝑓(𝐸)𝑑𝐸 is the probability of a

PKA with energy in [𝐸,𝐸 + 𝑑𝐸], 𝑔(𝑠;𝐸) is the probability of a defect in cluster size

𝑠 resulting from PKA with energy 𝐸, and 𝑁(𝐸) is the total point defect production

from PKA with energy 𝐸. Note that the following normality conditions are satisfied.

∑︁
𝑠

ℎ(𝑠) = 1 (4.7)

∑︁
𝑠

𝑔(𝑠;𝐸) = 1 (4.8)∫︁
𝑓(𝐸)𝑑𝐸 = 1 (4.9)

Therefore, the production rate of cluster size 𝑠 at bin 𝑖, denoted as 𝑃𝑖(𝑠),

𝑃𝑖(𝑠) =
𝑁𝑖ℎ(𝑠)

𝑠
(4.10)

If 𝑔(𝑠;𝐸) is approximately PKA energy independent as proposed by Souidi et al. in

iron [202], then it follows that,

𝑔(𝑠;𝐸) = 𝑔(𝑠) (4.11)

ℎ(𝑠) = 𝑔(𝑠) (4.12)

MD cascade annealing simulations using PKA energies across energy spectrum have

been performed and the defect size distribution is calculated based on Eq. (4.6)-

(4.10). Figure 4-12(c) demonstrates an example, by setting the maximum vacancy

and interstitial clusters to 20 and 10, respectively. Notice that larger sizes exist with

statistical fluctuation, but are neglected as rare events. In the CD model, diffusion

across the bins is considered for mobile species with pre-calculated coefficients based

on Arrhenius law. The physical parameters are listed in Table 4.3-4.4, with capillary
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approximation for the binding energies of large cluster sizes. The maximum size of

mobile vacancy cluster is 2, and interstitial cluster is 4. The migration dimensionality

is 3D for both types. Boundary values for all defect species are assumed at thermal

equilibrium, and are mostly approximated to be zero.

Item value comment
Defect production efficiency 0.25 Assumption
SIA (cluster) migration energy (eV) (1,2,3,4) 0.34,0.42,0.43,0.43 3D
Vacancy (cluster) migration energy (eV) (1,2) 0.67,0.62 3D
Diffusion pre-factor (𝜇𝑚2/𝑠) 8.2× 10−7 N/A
SIA (cluster) bias factor 1.15 N/A
Vacancy (cluster) bias factor 1.0 N/A
Dislocation density (/𝑚2) 1.0× 1014 N/A
Atomic volume (𝑚3) 1.165× 10−29 N/A
Defect reaction distance (𝑛𝑚) 0.66 Assumption

Table 4.3: Parameters used in cluster dynamics for Fe (PART I) [30,203].

SIA binding energies (eV) Vacancy binding energies (eV)
Size (n) 𝐸𝑏

𝑆𝐼𝐴(𝑛) Size (n) 𝐸𝑏
𝑣(𝑛)

2 0.8 2 0.3
3 0.92 3 0.37
4 1.64 4 0.62
>4 Capillary approximation 𝑎 >4 Capillary approximation 𝑎

a. 𝐸𝑏(𝑛) = (𝐸𝑏(2)− 𝐸𝑓𝑜𝑟(1))𝑛
2/3−(𝑛−1)2/3

22/3−1
+ 𝐸𝑓𝑜𝑟(1)

with formation energy 𝐸𝑓𝑜𝑟(𝑆𝐼𝐴) = 3.77 𝑒𝑉 and 𝐸𝑓𝑜𝑟(𝑉 ) = 2.07 𝑒𝑉

Table 4.4: Binding energies used in cluster dynamics for Fe (PART II) [30,203].

4.2.3 Results

4.2.3.1 Defect evolution

Calculations utilize the same irradiation setting as in the experiment, i.e. 3.5 MeV

Fe++ self-ion irradiation in pure Fe, at 450 oC, peak damage rate at 7 × 10−4 dpa/s.

Figure 4-13 plots the defect size distribution at the peak damage region (around 900

nm) at various doses. It can be seen that the high mobility of small interstitial clus-

ters (𝑛 < 5) quickly leads to the quasi-equilibrium distribution for interstitial clusters,

which builds increasing density at smaller sizes (𝑛 ≤ 100) as the dose increases. It

implies that the large clusters have reach a balance between growth from interstitial
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clustering and shrinkage from vacancy recombination. On the other hand, the distri-

bution of vacancy clusters keep evolving: the second peak appears from around 1 dpa

and then gradually moves to large sizes. The dip at 𝑛 ∼ 100 marks a void nucleation

barrier, and the left peak indicates void growth. For these mobile defects, the decline

of their concentrations is expected due to the active reaction network.

Figure 4-13: Calculated defect size distribution in the peak damage region at various
doses with dose rate at 7 × 10−4 dpa/s. “-" denotes vacancy type and “+" for inter-
stitial type clusters. The appearance of double peaks in vacancy cluster distribution
indicates the nuclear barrier of void growth.

4.2.3.2 Dose rate dependence

The dose rate effect can be easily examined by scaling the defect production rate.

Figure 4-14 shows the results by setting the dose rate one magnitude higher than

that in Figure 4-13. The interstitial cluster distribution demonstrates similar results

in terms of shape and quantity. Therefore, the increase in defect production doesn’t

influence the quick build-up of the quasi-equilibrium distribution. The additional

interstitial-type defects can be effectively removed by vacancy clusters and disloca-

tions. In comparison, the evolution of vacancy cluster distribution slows down. The
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second peak starts to form from 1 dpa and the concentrations of mid-sizes (𝑛 ∼ 100)

gradually slump. Such phenomenon can be understood from the defect dynamics.

Due to the high defect production rate, two consequences are expected: i) less time is

allowed for vacancy clusters to grow, and defect recombination is enhanced. ii) once

the void nucleation barrier is passed, the growth of vacancy clusters becomes very

efficient with higher quantity than the low dose rate case.

Figure 4-14: Calculated defect size distribution in the peak damage region at various
doses with dose rate at 7 × 10−3 dpa/s. “-" denotes vacancy type and “+" for inter-
stitial type clusters. The appearance of double peaks in vacancy cluster distribution
indicates the nuclear barrier of void growth.

4.2.3.3 Comparison with experiment

Figure 4-15(c) compares the calculated void swelling with the experimental results at

three different doses. It can be seen that the profile, although on the same magnitude

with the measurement, fails to capture the suppression of void swelling near the peak

damage region. The injected interstitial may enhance local defect recombination and

reduce the driving force to form voids [201]. The inconsistent simulation results are

because the injected interstitials amount to a little part (∼ 10−4) of the calculated
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defect size distribution for interstitials and even the statistical variation can submerge

this negligible effect from the injected interstitials. The calculation results call the

model feasibility into question for high dose rate ion irradiation scenarios where ef-

fects including injected interstitials, overlapping damage cascades, and interaction

between the cascade and pre-existing defects may play a significant role in dictating

microstructure evolution.

35 dpa
70 dpa
105 dpa

35 dpa
70 dpa
105 dpa

𝑑𝑐=1nm

Figure 4-15: Comparison of the void swelling curves from calculation and experiment.
𝑑𝑐 denotes the cutoff minimum size used in aggregating defect size distribution into
swelling percentage in order to mimic TEM resolution in the experiment [201].

4.2.4 Discussion

Application of multiscale methods to describe the spatial dependence resultant from

surface effect, defect production, and heterogeneity of microstructure provides high

resolution in examining material long term behavior with various convolving factors.

This physics-based technique renders an efficient approach to computational material

design by extrapolating well-calibrated robust models to the domain beyond exper-

imental parameter space. The results can effectively both guide and complement

experiments.
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In this work, the self-ion irradiation in pure Fe is examined by considering the spa-

tial dependent defect production. Information passing along the multiscale methods,

i.e. BCA-MD-CD, enables system evolution on the experimental scale. The extrac-

tion of defect size distribution reflects void nucleation and growth, nevertheless, the

calculated void swelling curve cannot reproduce the experimental measurements. It

may be due to omission of important process such as interaction between cascades

and pre-existing defects which would modify the effective defect production term in

the CD model. This can possibly be solved by tweaking the efficiency of defect pro-

duction along the depth to account this effect. Increasing the dose rate, equivalent to

raising the beam current density, allows less time for vacancy clustering, which leads

to slow evolution of vacancy cluster distribution.

Generally, CD modeling can flexibly treat the chemical rate based phenomenon,

such as growth of dislocation and void. The results can be linked to the quanti-

ties describing mechanical property and void swelling. With the inclusion of spatial

dependence extended from classical mean-field homogeneous assumption, one can

study ion implantations, thin film irradiation, and inhomogeneous microstructure

specimens. Good agreement has been achieved in various studies [28, 31, 32, 204].

However, blindly applying this scheme can generate contradictory results. A com-

mon but controversial practice would be to use some metric such as experimental

observations to calibrate the choice of model inputs, which naturally contributes to

the final agreement. For example, Michaut et al. [205] utilized CD to examine the

effect of injected interstitials on loop and cavity microstructures, and agreement with

experimental data can be achieved by tweaking defect source terms and fraction of

freely migrating interstitials. As a parameter-rich modeling problem, the tunning

of parameters can be exponentially computation intensive and fade the physical un-

derstanding. On the other hand, various assumptions are necessary to construct the

formulation for interaction between objects, such as binding energy and sink strength.

These assumptions, although admitting physical understanding of the process, are an

idealization of defect property. In fact, the behavior of a defect may well be influ-

enced by the local environment such as stress. Moreover, a single size of defect can
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bear different configurations under the highly non-equilibrium radiation condition,

thus migration characteristics [25] and interaction strength may vary significantly,

which means that a representation only with the size information could neglect some

key underlying processes in understanding the problem. Such complexity can hardly

be resolved due to the intractable configuration evolution of defects in the massive

reaction network. Meanwhile, some other settings may be subject to skepticism. For

example, carbon-vacancy binding can increase the migration barrier [204]; cutoff of

defect source term neglects the rare events of large defect production from primary

damage stage; the maximum mobile defect clusters may exclude even larger ones with

high mobility. All these issues raise concern to the model robustness. A future explo-

ration of the applicable scenarios is needed. Furthermore, if we consider a complex

system with more defect sinks such as precipitates, interfaces and surface effects, a

simple CD model as demonstrated here is not capable to describe realistic conditions.
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4.3 Summary

In this chapter, a multiscale framework composed of atomistic methods and cluster

dynamics is constructed to describe defect evolution up to the experimental level. In

the case of self-ion irradiated tungsten at 30 K, the system evolution beyond damage

cascades can well explain the deviation from power law in the interstitial size distri-

bution. To incorporate the spatial dependent defect production in ion irradiation,

the self-ion irradiated iron is considered, by dividing the 1D domain into a number

of bins. The defect production from primary damage state is obtained for each bin.

By evolving the system to the desired dose, the spatial varying defect species con-

centration can then be combined and transformed into void swelling. The calculated

swelling curve is comparable with experimental measurement but misses a key fea-

ture of swelling suppression at the peak damage region. Such misfit underlies some

potential issues such as volume relaxation of the size representation, and necessary

change for the defect production term due to interaction of cascades and pre-existing

defects. Overall, this combination of methods can be capable of predicting defect

evolution with careful calibration against experiments.

It should be emphasized that in realistic systems, the multiscale framework can

get rather complicated. First, the size representation is limited due to the degen-

eracy of multiple defect configurations, which may embrace very distinct properties.

Second, the parameter for interaction, such as changeable diffusion dimensionality

of defects and localized diffusion barriers can be intractable in simulations. Finally,

additional dynamics may play an important role in modifying defect evolution. Ex-

amples are the segregation of constitute atoms, dislocation dynamics, and variable

defect sink properties. These complexities can potentially be lumped together by de-

veloping reduced-order models, or with even more simplification, applying data-driven

approach without probing deep into physics. In the next chapter, such data-driven

idea is elaborated by a specific application in void swelling.
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Chapter 5

Data-driven prediction in nuclear

materials

Physics-based computation techniques provide sound details towards certain phys-

ical processes such as defect cluster nucleation and growth (e.g. Section 4.1), but

the complexity quickly builds up considering additional coupled processes such as

constitute atom migration, phase instability, and dislocation dynamics. Meanwhile,

the multiscale nature of these coupled processes poses a gruesome barrier to describe

material behavior with high fidelity. Recently, with the advancement of machine

learning techniques based on increasing amount of data, new insights can be gained

without probing deep into the physics. This section uses one example of void swelling

to demonstrate the idea. Such problem has been around the nuclear community for

over tens of years, but still remains to be better understood due to its complexity

from a number of confounding factors in real materials systems.

5.1 Predict the onset of void swelling

5.1.1 Introduction

Void swelling, which causes significant mechanical property degradation and dimen-

sional changes, has long been reported in structural materials of nuclear reactors
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[206,207]. Swelling with respect to radiation dose can be divided in two stages: tran-

sient and steady-state [1], while the intercept value of the linear, steady-state swelling

rate is termed the “incubation dose" (onset of void swelling). It has been found that

the incubation dose of specific materials can be influenced by both internal and ex-

ternal factors such as crystal structure, solutes, microstructure, temperature, dose

rate, irradiation type, and stress state [1]. This causes the incubation dose to vary

significantly from nearly zero to over 400 dpa.

The conventional development of radiation-tolerant materials relies heavily on

trial and error. Optimization with the goal of increasing the incubation dose can be

made by empirically tuning the material’s thermo-mechanical treatment and chemical

composition [1]. However, this process is very costly and time-consuming due to the

requirements of careful sample preparation, specific radiation conditions, resource-

intensive post-irradiation examination (PIE), safety concerns from radioactivity, and

the need for repeatability. Computational efforts are aimed to bridge this gap, as

well as provide a more fundamental understanding of the origins of void swelling.

Simulations should ideally capture all governing physical processes on multiple length

and time scales, which include defect production, diffusion, annihilation, absorption,

trapping, and coalescence. The simulation of radiation damage has never been a

trivial task, and high uncertainties can arise when linking multiscale methods together

to describe a material’s macroscale response [208]. Realistic scenarios such as the

presence of gas atoms [209] and minor alloying elements [210] further complicate

the accurate description of radiation-induced microstructural evolution. Due to their

intrinsic complexities, numerical studies excluding some important processes such

as dislocation dynamics and defect-solute binding can still be time-consuming [211].

On the other hand, simulation parameter calibration is usually performed to match

experimental observations [204], which decreases the predictive ability of simulation

results. Therefore, both experimental measurements and computational efforts are

often incapable of satisfying the practical requirement to efficiently assess the onset of

void swelling for a particular material, thus hastening the development of radiation-

resistant nuclear materials.

150



Recently, the increased utilization of machine learning (ML) has benefited mate-

rial science research in many successful applications such as predicting glass transition

temperatures in polymers [212], rapid material discovery with failed experiments [213],

and structural optimization [214]. Given enough data, ML may also prove effective

in computational modeling [215] and design of nuclear materials. Some initial efforts

on using artificial neural networks to predict embrittlement and harening of reactor

pressure vessel [216,217], and Charpy transition temperature of martensitic steel [218]

have demonstrated quite promising results. ML could therefore possibly accelerate

the screening of new materials for specific property like increased void swelling in-

cubation dose. It should be noted that the success of ML is contingent upon access

to enough data. Fortunately, over the last few decades, numerous results on testing

different materials under various experimental conditions have been accumulated on

void swelling, but are unfortunately dispersed in various publications and technical

reports. These experimental efforts, when combined in a ML framework, can syner-

gistically generate significant insights towards radiation-resistant material design.

ML learns the hidden relationships embedded in data by minimizing a “cost func-

tion." By training a model with a portion of the available data, and evaluating its

performance with the rest, ML can effectively uncover the underlying rules that fa-

cilitate prediction in the huge, unexplored parameter space. Figure 5-1 depicts the

common steps in the application of ML, which include problem identification, data

preparation, modeling, evaluation, and deployment (left panel of Figure 5-1). To il-

lustrate the process in the context of radiation damage (right panel of Figure 5-1),

two aspects are specifically sought: i) prediction of radiation effects (e.g. incubation

dose for void swelling), and ii) discovery of new materials with superior radiation

performance. As the quantity and quality data is the foundation of any successful

ML application, data preparation including collection, pre-processing, and feature en-

gineering usually takes most of the effort in the process. By contrast, model training

is already well-integrated into many calculation packages, such as 𝑠𝑐𝑖𝑘𝑖𝑡 − 𝑙𝑒𝑎𝑟𝑛 for

general methods [219] and 𝑡𝑒𝑛𝑠𝑜𝑟𝑓𝑙𝑜𝑤 specializing in neural networks [220]. These

are readily applied to specific problems, which usually fall into two categories: super-
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vised or unsupervised, where the former has a well-defined target to predict, and the

latter draws inferences from datasets without labeled responses. Evaluation is mostly

incorporated into the modeling process, and provides guidance to model selection

based on defined metrics such as classification accuracy and mean squared error.

Rounds of iterative refinement may be necessary to achieve better performance. Fi-

nally, the learned model can be validated with previously unseen data. If the model is

non-parameteric, which requires the usage of training data in deployment, the model

would need to be continuously updated with newly available data, and become com-

putationally expensive with increasing amounts of data. On the other hand, if the

model can be summarized in a parametric form, its off-line application is compactly

transferable across platforms and requires no access to used data until the model goes

stale and needs re-training.

Nuclear 
Materials
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Data 
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Modeling

Evaluation

Deployment

Resources:
• Experiments
• Simulations
• Databases
Feature engineering:
• Data cleaning
• Feature construction
• Feature selection
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Methods:
• Regression
• Classification
• Clustering
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Figure 5-1: Application of machine learning (left half) to nuclear materials (right
half) for i) prediction of radiation effects (e.g. incubation dose for void swelling [221]
in metals), and ii) discovery of new materials with superior radiation performance.
Insights can be gained from the identification of meaningful features, such as chemical
composition and microstructure, and patterns in the increasing amount of experimen-
tal data. (AUC: area under the curve; MSE: mean squared error; R2: R-squared).

This work explores the capability of ML to predict the onset of void welling using

material and environmental parameters such as chemical composition, temperature,
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microstructure, and type of radiation. By manually collecting experimental data

from a large number of publications, ML is shown to be effective in predicting the

incubation dose of void swelling. The identification of controlling factors in the learned

model not only generates results consistent with the established understanding of key

parameters, but also provides additional, meaningful insights into radiation-resistant

material design.

5.1.2 Methods

In this supervised regression ML problem, the investigation starts with data collection

and feature engineering, then applies three types of learning techniques, i.e. linear

regression (LR), tree-based ensemble methods, and artificial neural networks (NN),

and finally interprets the associations inferred from the models.

5.1.2.1 Dataset

Studies on this topic often contain profiles of void swelling with respect to radiation

dose, corresponding to the specific experiment performed. With such profiles, one can

extract the value of the incubation dose by extrapolation of the linear, steady-state

void swelling regime to the horizontal axis as indicated by Figure 5-1 in the upper-

right panel. The aim of data collection is to capture all these features along with

other potentially influential variables. TABLE 5.1 provides a subset of the data used,

which contains 28 raw features and 305 samples from surveying different resources

and filtering records. Nevertheless, there are still some unknown entries due to quali-

tative, literal descriptions and technical measurement limitations. Not all parameters

are measured, are documented, and/or receive attention in each study. For example,

many earlier experiments omitted the measurement of dislocation density, which later

proved influential. Instead, more natural language descriptions such as “annealed,"

“20% cold worked," and “quenched" are commonly used. These expressions to some

extent imply order-of-magnitude dislocation densities following thermo-mechanical

treatment. With proper language processing by referring to more recent measure-
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ments with the same terminology, these values are estimated to fully populate the

dataset. Data and corresponding references [90, 222–255] are available at [256] for

those who are interested.

Material Crystal 
structure

Chemical 
composition

Dose rate 
(dpa/s)

Temperature
(K)

Irradiation 
type

Dislocation 
density (m-2)

Pre-injected 
helium (appm)

Incubation 
dose (dpa)

316 steel FCC … 8.0x10-3 753.5 Electron 6.1656x1014 0 18.5

Fe-15Cr-16Ni FCC … 1.7x10-6 673.5 Neutron N/A 0 27.1

• Dataset: 214x27
• Training set: 80%
• Test set: 20%
• All data centered and normalized to have mean 0 and standard deviation 1 

Table 5.1: Representative subset of the dataset used in this study, showing two of the
305 records. Chemical composition is a placeholder for 21 elements: Fe, Cr, Mn, Si,
Co, Mo, Ni, C, Ti, N, B, P, S, Nb, Cu, Ta, Al, V, Mg, W, Zr.

Feature Mean Min Max Feature Mean Min Max

Fe(wt%) 63.04537 0 97 Nb(wt%) 0.01718 0 0.92

Cr(wt%) 15.52098 0 24.7 Cu(wt%) 0.013836 0 0.54

Mn(wt%) 0.852059 0 20 Ta(wt%) 0.006098 0 0.36

Si(wt%) 0.291846 0 1.5 Al(wt%) 0.334885 0 100

Co(wt%) 0.003564 0 0.04 V(wt%) 0.039525 0 2

Mo(wt%) 0.890525 0 2.95 Mg(wt%) 0.036131 0 1.63

Ni(wt%) 18.73234 0 100 W(wt%) 0.065639 0 2.4

C(wt%) 0.05848 0 1 Zr(wt%) 0.002492 0 0.1

Ti(wt%) 0.076557 0 2.2 Dose rate[dpa/s] 0.001551 8.90x10-9 0.06

N(wt%) 0.008082 0 0.3 Temperature[K] 773.0538 393.5 1013.5

B(wt%) 0.000276 0 0.004 Dislocation density (m-2) 6.92x1014 3x1013 3.85x1015

P(wt%) 0.006497 0 0.155 Pre-injected He (appm) 2.691803 0 100

S(wt%) 0.001062 0 0.03 Incubation dose[dpa] 43.61691 0 492

Table 5.2: Summary of numerical variables in the dataset.

In the dataset, all features except the radiation type and crystal structure are

numerical, with last column “incubation dose" being the target variable. The numer-

ical variables are summarized in Table 5.2. To incorporate non-numerical values into

the model, “one hot encoding" is used which introduces additional binary features to

distinguish each category. After filling in all the missing entries based on physical de-

scriptions, normalization is performed on each column so that large quantities do not

dominate the learning process. The final dataset is of dimension 305 × 30 including
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the target column.

5.1.2.2 Regression models

The application of these regression models is based on the 𝑠𝑐𝑖𝑘𝑖𝑡−𝑙𝑒𝑎𝑟𝑛 0.19.1 python

package. The prediction performance is quantified using the mean squared error

(MSE). After random shuffle of the whole dataset, the first 80% of the dataset is

reserved for training, and the remainder for testing. As each method contains certain

tunable parameters which influence predictive performance, 𝑘-fold cross-validation is

used for parameter selection. In other words, for any specific set of parameters, the

training set is first randomly split into 𝑘 groups; then a total of 𝑘 passes are made,

each of which uses one group for cross validation and the remaining 𝑘 − 1 groups for

training. Finally, the average performance is reported for comparison. This technique

can enable us to make full use of the small dataset and avoid a “lucky-split," where a

particular split of the full dataset just happens to give an anomalously good prediction

during cross validation.

1. Linear regression

The simplest model is a linear combination of the 𝐷 input features in x with

weighting coefficients w:

𝑦(x,w) = 𝑤0 + 𝑤1𝑥1 + · · · + 𝑤𝐷𝑥𝐷 = 𝑤0 + w𝑇x

where x = (𝑥1, · · · , 𝑥𝐷)𝑇 and w = (𝑤1, · · · , 𝑤𝐷)𝑇 . This class of models can

be extended by considering a linear combination of non-linear functions of the

features. In order to control overfitting, a regularization term 𝐸(w) is added to

the error function, thus the total error to be minimized takes the form:

1

2𝑁

𝑁∑︁
𝑛=1

(𝑡𝑛 −w𝑇x− 𝑤0)
2 + 𝜆𝐸(w)

where 𝑁 is the number of data points, 𝑡𝑛 is the real target value, and 𝜆 is the

regularization coefficient that controls the relative importance between the data
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dependent error and the regularization level. Two common forms of 𝐸(w) i.e.

Ridge (1
2
w𝑇w) and Lasso (

∑︀𝐷
𝑛=1 |𝑤𝑛|) are mixed with a tunable parameter to

control the contribution of each while minimizing the total error function. For

this study, the ratio between the two forms are optimized.

2. Ensemble methods

Ensemble methods are based on the notion that prediction can be improved by

a combination of a number of base learners [257]. Forests of randomized trees

and boosting are two main types of techniques that belong to the genre. The

former contains a number of decision trees built with different sub-samples of the

training data drawn with replacement, and uses averaging to control overfitting

and improve prediction. The tree is constructed by splitting the nodes among

a random subset of the features. Based on the difference in the splitting rule,

two algorithms including random forests (RF) [258] and extremely randomized

trees (ET) [259] are used. Due to the randomness, the bias of the forest is

slightly higher than a single tree, but the variance decreases by averaging, which

generates an overall better model.

By contrast, boosting differs from the forests of randomized trees in that the

weak learners (e.g. shallow decision trees) are trained in sequence rather than

parallel. Each learner is trained using a weighted form of the data, where

the weighting coefficient associated with each datum depends on the perfor-

mance of previous learners. Specifically, points which are incorrectly classified

in a previous step gain increased weights in the current round. In this way,

each subsequent learner is thereby forced to emphasize the data missed by the

previous learners. Gradient boosting (GB) is a generalization of boosting to

arbitrary, differentiable loss functions [260], which has proven effective in both

regression and classification problems.

For this regression problem, the main parameters for optimization are the num-

ber of decision trees and tree-depth. Meanwhile, all these ensemble methods can

generate an estimate of feature importance towards the accuracy of predictions,
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which can be readily used for feature selection and model interpretation.

3. Artificial neural network

The artificial neural network is a powerful and versatile method inspired by

biological neural networks for learning complex problems, and the theoretical

framework is thoroughly described by Bishop [261]. It is a framework with three

type of layers: input, hidden, and output layers, each containing a number of

neurons connected with those in neighboring layers. The edges between neurons

are associated with weights, which are updated through back-propagation as the

learning proceeds. Typically, the hidden layers can be constructed in a multi-

ple layer approach with varying neuron numbers to optimize during network

construction. The input to each neuron is then a linear, weighted summation

of the outputs of neurons in the previous layer, while the output is the result

of a non-linear activation function operating on the sum. Depending on the

problem, the output layer can be a scalar value or a multi-output vector.

In this application, the input layer uses the features, while the hidden layers

contain two layers with 100 and 50 neurons, respectively. Parameter optimiza-

tion is focused on the activation function, and on early stopping which controls

overfitting. The output layer has a single neuron yielding the prediction. Over-

all, the network tries to minimize the total mean squared error. Information

transmits forward from the input layer to the last layer, and the ultimate out-

put is simply a weighted aggregation of the last hidden layer with no activation

applied in the output layer.

5.1.2.3 Parameter searching

ML models often carry a number of parameters that can influence the performance

of the model and/or control the level of overfitting. In this study, a few such im-

portant parameters are optimized such as the regularization level in the LR method,

the number of trees in the ensemble methods, and the activation function in NN,

while leaving more parameters such as learning rate as the default values in the
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𝑠𝑐𝑖𝑘𝑖𝑡− 𝑙𝑒𝑎𝑟𝑛 0.19.1 package. Determination of these varying parameters is based on

the grid search cross-validation using the 𝑘-fold technique. The search examines all

combinations of proposed values, evaluates the average predictive performance on the

out-of-sample data group for each setting, and reports the optimal choice. Therefore,

computation time increases exponentially with more parameters considered. Since

the dataset at hand is relatively small with many features, it is found that different

training-test dataset splits can result in different optimal parameter selection. To

accommodate this inconsistency, we can run multiple splits and record the most fre-

quent parameter combination provided by the grid search, which is finally used in the

deployment of models on the test set. In this way, it is most likely to avoid misleading

parameter optimization due to data sampling. TABLE 5.3 lists the optimized settings

in this study, with the notation conforming to the python package.

Model Linear
regression

Neural network Gradient boosting Extra Trees Random forests

scikit-learn 
0.19.1 

Function

linear_model
.ElasticNet

neural_network.MLPRegre
ssor

ensemble.GradientBoostin
gRegressor

ensemble.ExtraTreesRegre
ssor

ensemble.RandomForestR
egressor

Parameter l1_ratio activation early_stopping n_estimators max_depth n_estimators max_depth n_estimators max_depth

Value 0.0 relu False 500 5 800 7 50 7

Table 5.3: Optimized parameters for different methods in scikit-learn 0.19.1.

5.1.3 Results

5.1.3.1 Data exploration

Before modeling, it is useful to check the correlation 𝜌(𝑢, 𝑣) between all pairs of

numerical variables, defined as:

𝜌(𝑢, 𝑣) =
(𝑢− �̄�)𝑇 (𝑣 − 𝑣)√︀

[(𝑢− �̄�)𝑇 (𝑢− �̄�)][(𝑣 − 𝑣)𝑇 (𝑣 − 𝑣)]

where 𝑢 and 𝑣 each denote a feature column, and �̄� and 𝑣 are their mean values.

Figure 5-2(a) depicts the correlation matrix, which measures the linear dependence of

pairs of variables. It can be seen that no single variable is a sufficiently good predictor

of the target, demonstrating that more complex modeling is necessary to capture
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their underlying relationships. Features are not linearly dependent, although high

correlations are found for a few compositional elements such as V, N, and P, which

implies their relative concentrations are fairly stable across the dataset. In Figure

5-2(b), the dataset is categorized by irradiation type, which can induce physically

different radiation damage processes and microstructure evolution due to differing

damage efficiencies [1]. To balance the relatively small dataset as well as capture the

main distinctions among various types of radiation (neutrons, ions, and electrons), ion

species such as “Fe++", “Ni++", and “C++" are combined into a new category called

"Ion." Therefore, the three types of radiation, i.e. “Neutron," “Electron," and “Ion"

tag the data points. Figure 5-2(c) shows the distribution of the target variable in the

dataset. It can be seen that the many fewer points exist for high incubation doses

(> 200 dpa), which can deteriorate model prediction capability due to the scarcity of

data points residing in the dimension space.

Figure 5-2: (a) Plot of correlation matrix 𝜌(·, ·) for each pair of variables denoted in the
figure. Note that no significant linear dependence exists between variables, especially
between the target variable (incubation dose) and all features. (b) Categorization of
data by irradiation type: combining the original ion species “Fe++" and “Ni++" into
“Heavy", and “C++" and “Proton" into “Light" ion irradiation to make the dataset
more balanced. (c) Distribution of the target variable (void swelling incubation dose)
in the dataset.
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5.1.3.2 Performance comparison

The predictive capability can now be compared across all applied regression models.

Figure 5-3 demonstrates the results for the test data in a single training-test dataset

split. Ideally, the prediction and real test values would align diagonally with high

correlation. The LR performs poorly for both low and high incubation doses, meaning

that a linear combination of the given features cannot characterize their association.

By contrast, NN and the three ensemble methods give reasonably accurate predictions

even of high quantities (' 100 dpa), despite their relative scarcity in the dataset.

Among these well-performing models, the GB method appears most promising with

a prediction slope close to unity and the highest correlation.

Figure 5-3: (a)-(e) Predicted versus experimental values of incubation dose using
different machine learning models. The points are colored by the irradiation type.
The GB method performed the best, with good predictions and high correlation.

The combination of a small dataset and the overfitting problem in ML methods

can undermine its effectiveness in handling new data. To resolve such concerns due

to how the dataset is split, the entire dataset is split into training and test set in

different ways, leading to a distribution of predictive performance to demonstrate the

robustness of these methods. Figure 5-4 shows box-plots of the mean squared error for
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both training (a) and test sets (b). In the training stage, all methods except LR have

very small errors and narrow distributions, indicating relative uniformity of training

performance. The inset depicts a histogram of the error for GB method, whose small

value indicates that the model fits the data very well. The error becomes much larger

on the test set, which is evidence of overfitting. Among these methods, GB, RF, ET,

and NN tend to predict the incubation dose very well, while the NN contains a few

rather large outliers, indicating sensitivity to dataset split. In spite of overfitting, the

GB method exhibits good performance with the majority of errors clustered around

small values regardless of how the dataset is split, as confirmed by the distribution in

the inset.

Figure 5-4: Box-plots of the MSE for training (a) and test (b) sets using different
machine learning models. Insets plot the error distribution from the GB method.
The difference in vertical scale between training (a) and testing stages (b) indicates
overfitting. Note that the error is calculated with the normalized dataset.

5.1.3.3 Model interpretation

Fitting of these models can shed light on the controlling factors in predicting incu-

bation dose. LR was excluded due to its poor performance, while NN was excluded

due to a lack of interpretability resulting from the interaction of neurons and the

activation function. Decision-tree based ensemble methods, on the other hand, can

provide intuitive insights toward the problem via feature importance, which is ranked
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with respect to the predictability of the target variable. Features which tend to be

at the top of the trees impart greater weights in prediction, hence more important.

Figure 5-5(a) compares the relative importance of the features as ranked by the GB

method, with the top ten shown corresponding to the dataset split used in Figure 5-3.

Features such as temperature, Cr, Fe, dose rate, Ni, C, pre-injected He, and disloca-

tion density turn out to be significant in prediction. This finding is consistent with

some established understanding in the void swelling behavior of alloys. Meanwhile,

this relative ranking provides a quantitative estimate of which parameters are more

dominant.

To check the sensitivity of the feature ranking to dataset split, 50 different split

schemes are used to check the top ranked features in Figure 5-5(a) and the results

are shown in (b)-(i). Despite slight variations in the ranking for these features, they

remain fairly stable. Temperature maintains its highest priority; dose rate, Fe, and Cr

appear the second tier; dislocation density, C, Ni, and N reside in the third tier. Such

stability in ranking provides important information in understanding and predicting

incubation dose under different conditions.

Figure 5-5: (a) Top ten important features in predicting void swelling using the
GB method on a single dataset split; (b)-(i) Distribution of rank for the top ranked
features from (a) using 50 different dataset splits.
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5.1.4 Discussion

A sufficient volume of high quality data is the basis for ML. Based on the definition

of incubation dose and potentially influential features, more than three hundred data

points are collected by mining published literature. However, more data are expected

to exist in technical reports and proprietary documents, often unindexed sources of

data, although many earlier experiments may be unusable due to seriously incomplete

information. This work as a proof-of-concept is meant to demonstrate the capability

of ML to solve a complex nuclear materials problem with a limited amount of data

typical in our field of study. The availability of additional data in the future will

undoubtedly help to improve the models. An imminent plan is to construct an open-

source data repository on void swelling for precisely this purpose, where users can

download an existing data resource, upload a figure or study, register its source to

exclude duplicates, and enter values or descriptions for available parameters. This

will hopefully become a growing effort to accumulate more relevant data into a robust

and predictive online ML tool to predict the incubation dose of a new material, in

new conditions.

The simplest attempt with penalized linear regression showed that no single fea-

ture is a satisfying predictor based on correlation analysis, and that the data can not

be well-described by a simple linear combination of features. It implies that non-

linearity should be incorporated to perform robust predictions. One can solve this

using at least two approaches, switching to other methods to consider non-linearity,

or augmenting the linear model with non-linear transformation of its features. The

latter method may render the model non-interpretable due to the versatility of poten-

tial transformation functions, thus the first proposal is admitted. Ensemble methods

and neural networks are shown to provide excellent predictive capabilities despite

overfitting. One of the ensemble methods, gradient boosting, appears stable regard-

less of dataset split. Its high fidelity enables us to use the model with confidence

to identify the most contributing factors in predicting the onset of void swelling.

The quantitative description of the relative importance of material and environmen-
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tal parameters effectively capture the conventional understanding of factors affecting

incubation dose. It has been well established that radiation-induced void formation

strongly depends on alloy composition. The compositional sensitivity of steels can be

ascribed to two categories, base or major solute atoms (Fe, Ni, Cr) and minor alloying

elements (Si, C, Ti, P, Mo, etc.) [262]. Fundamentally, the incubation stage is closely

related with the defect dynamics under the influence of biased defect sinks such as

dislocations and grain boundaries. It can be also significantly modified by tempera-

ture, which effectively modifies the dominant defect reaction regimes responsible for

the nucleation and growth of stable voids under irradiation [1]. Meanwhile, defect

trapping by some elements such as Cr, V, Ni, and C, and precipitates can promote

defect recombination and strongly influence the swelling behavior [248].

Since the subjective bias in model selection is alleviated by comparing different

types of models with parameter optimization, the remaining error in the prediction

of void swelling incubation dose can be mostly attributed to two reasons. Firstly,

the dataset is limited in descriptive features such as He/dpa ratio, precipitates, ion

injection, stress state, and grain size; and a lack of critical features that contribute

to incubation dose can skew the prediction. For example, injected-interstitials in

ion irradiation can suppress local swelling behavior [248]; and fine grains can delay

swelling by providing large areas of defect sinks in the form of grain boundaries [249].

Secondly, the dataset is limited in size, a common issue in experimental studies.

The trained models tend to overfit the training data, and generalization to test data

produces much larger error even with controls on overfitting. On one hand, the

dataset can be complemented by more active efforts in mining existing studies. On

the other hand, as microstructures of candidate materials for advanced nuclear energy

systems become increasingly complex, addition of more data on new high-performance

material designs such as oxide-dispersion strengthened alloys [131], high entropy alloys

[263], and nanostructured alloys [264] will become appropriate after incorporating

additional features on proper representation of microstructural characteristics.

In summary, this study serves as a proof-of-concept that parameters including

chemical composition, thermo-mechanical treatment, and experimental conditions
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can provide a reasonable prediction of void swelling incubation dose, even though

the dataset size is limited due to the inherent difficulties in conducting experiments.

The identification of controlling factors in the learned model (GB) not only gener-

ates results consistent with the established understanding of key parameters, but also

provides additional, meaningful insights into radiation-resistant material design.
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5.2 Summary

Machine learning provides a viable avenue to extracting insights from data. The study

introduced here serves as a proof-of-concept that this technique can prove useful for

nuclear materials research. Although this application does not probe into the physical

processes of radiation damage, it demonstrates high potential in predicting incubation

dose based on previous and ongoing research efforts. From an engineering perspective,

it is promising to extend this methodology to the prediction of other radiation effects,

such as the ductile-brittle transition temperature (DBTT) [218] and phase stability.

It is worth mentioning that depending on the specifics of problem, physics can be

appropriately incorporated. It can be in the form of presumably influential features,

or aggregated feature based on other variables, or part of a physics-based framework

which efficiency fulfills information query to accelerate computation, or controlling

terms for learning the equation underlying the dataset. The realization is very much

problem specific, and given the availability of data, the integration of ML and nuclear

materials can be extremely rewarding.
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Chapter 6

Summary

6.1 Thesis overview

Modeling and simulation is an integral part to the study of nuclear materials subject

to harsh environments in both current and proposed future nuclear energy systems.

Especially, radiation brings out a number of unique materials degradation modes such

as void swelling and phase instability. This thesis work orients around the radiation

damage in materials, and studies some specific problems from three perspectives:

atomistic understanding of radiation resistance (Sections 3.1, 3.2, 3.3, and 3.4), mul-

tiscale description of microstructure evolution (Sections 4.1 and 4.2), and phenomeno-

logical prediction of radiation effects with machine learning (Section 5). Specifically,

Sections 3.1 and 3.2 elaborates the radiation process and damage resistance mecha-

nisms in single-phase concentrated solid solution alloys and nanocrystalline metals,

where composition varying Ni-Fe alloys and Cu were used as the model materials,

respectively. Following the issue of radiation-enhance grain growth of nanocrystalline

material, Section 3.3 focus on resolving the grain boundary migration and grain

growth behavior. To mitigate the issue of grain growth which effectively degrades

the mechanical property, nanocrystalline metals can be manufactured with interface

engineering, one of which is to recast the grain boundaries into amorphous intergranu-

lar film. Such design can not only significantly increase the ductility of nanocrystalline

metals, but also pin down the interface migration. To assess its radiation performance,
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topics including ion-mixing, defect property, and interface evolution are analyzed in

Section 3.4. To break the limitation of atomistic simulations, multiscale framework is

then built to study the long-therm radiation-induced defect evolution. Particularly,

the meso-scale cluster dynamics model is implemented with a finite element solver to

bridge the atomistic details to experimental observations using TEM (transmission

electron microscopy). With this framework, Section 4.1 explains the deviation from

pow law for the experimentally measured defect size distribution in self-ion irradiated

tungsten. To resolve spatial dependent defect production as commonly seen in ion

irradiation, Section 4.2 focuses on modeling the void swelling profile with respect to

the self-ion irradiation range. These multiscale studies still consider very simply cases

like pure metal, but in real applications, many more physical processes might need

to be considered in order to describe experiments well, such as dislocation evolution,

solute migration, and concurrent phase changes. Therefore, a potential shortcut may

be taken via data-driven approach. Section 5, as proof-of-concept, demonstrates the

feasibility of using machine learning to predict radiation effects, specifically, the onset

of void swelling in irradiated metals. After manually collecting more than 300 data

points, the models have delivered promising results. However, additional efforts are

still necessary to collect more high quality data, and construction of public platform

to crowdsource nuclear materials experimental studies will significantly contribute to

the whole research domain.

The computational work can not only reveal the fundamental mechanisms in

radiation-induced processes that are unaccessible in experimental measurement, but

also be capable of predicting material behavior on the experimental scale. These ini-

tial work builds the foundation of ultimate plan to coordinate atomistic, multiscale

and data-driven approaches, and complement with targeted experimental testing to

reach a synergy between modeling and experimentation in tackling the challenge of

accelerating the development and qualification of advanced materials.
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6.2 Thesis contributions

Orienting radiation damage in materials, this thesis work has the following main

contributions:

∙ Radiation process in Ni𝑥Fe1−𝑥 (𝑥 ∈ [0, 90%]) is elaborated atomistically with

increasing dose up to dpa level; the radiation resistance can well be explained

by the heterogeneous diffusion of point defects inferred from the distributions

of defect migration barrier; thermodynamic mixing energy strongly correlates

with the radiation performance of the alloys with different compositions, which

can potentially serve as a design guidance to optimize this type of alloys.

∙ Radiation process in nanocrystalline Cu is examined atomistically using a bi-

crystal model with dose up to dpa level; the main mechanism responsible for

the high radiation resistance provided by grain boundaries (GB) is found to be

GB-biased SFT migration and absorption; GBs are observed to be very resilient

and can self-heal after distortion induced by interaction with SFTs; decreasing

the grain size to small values (/ 10 nm) can significantly decrease the saturated

defect density in the bulk.

∙ The atomistic process of radiation-enhanced grain growth in nanocrytalline Cu

using a bi-crystal model is followed with increasing dose; a 3-stage mechanism is

proposed to describe the grain growth behavior including: random work migra-

tion of GBs due to disturbance of damage cascades when two GBs are farther

apart; biased and approaching migration of GBs due to SFTs simultaneous

attraction as distance between GBs shrinks; curvature-driven fast boundary

migration as GBs adjoin.

∙ Interface engineered nanocrystalline Cu by doping Zr atoms, which transform

GBs into amorphous intergranular films, is assessed under irradiation using

atomistic simulations; the ion-mixing can be well-characterized by superposition

of solution to diffusion equation; the defect clusters remain small due to reduced

clustering and solute-mediated defect annihilation; the interfaces are effectively

anchored by the Zr atoms.
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∙ A multiscale framework containing binary collision approximation, molecular

dynamics simulation of damage cascades and cluster dynamics of long term

evolution is built to break the scale limit of atomistic simulations; its application

to self-irradiation tungsten at 30 K successfully explain the deviation from power

law distribution of the measured defect size distribution, by considering the long-

time evolution induced by the mobile interstitial and interstitial clusters, which

is well beyond the scale of damage cascades over picoseconds; the framework has

also been demonstrated to describe spatial dependent microstructure evolution

in ion irradiated pure iron.

∙ Data-driven approach using machine learning has been explored in the context

of nuclear materials; a specific application in applying different ML models to

predict the onset of void swelling has generated promising results for predicting

the out-of-sample data points; this work demonstrates the feasibility of ML in

radiation effect prediction based on macro quantities such as chemical compo-

sitions and environmental parameters; this work marks the initiation of future

plan in kickstarting nuclear materials genome project to reuse the existent ex-

perimental data and guide more informative material optimization for nuclear

applications.

6.3 Outlook

Although computational and theoretical understanding have received great success

in nuclear materials study, especially the various computation techniques specializing

over different range of time and length scales, there are still some key problems that

need to be reconciled including computation acceleration, uncertainty propagation,

fundamental understanding, and material optimization.

∙ Computation acceleration

The computational cost becomes the bottleneck in describing some important

processes expected during radiation damage study. For example, MD is com-

monly used to characterize the primary damage stage of cascading process. The
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length and time scale is mostly caped at nano to micro scale due to computation

constraint. Since MD admits the least assumptions towards defect interactions

given a high-quality empirical inter-atomic potential, the extension of longer

scale is very much valued. In fact, a number of efforts have been paid on this

aspect to break the timescale limit, such as temperature accelerated dynam-

ics [163], parallel replica dynamics [164], and hyperdynamics [165]. However,

radiation-enhanced microstructure evolution indispensably require the descrip-

tion on experimental measurement scale (micron to millimeter). The notion of

multiscale modeling is thus pursued to resolve this conundrum, but such scheme

is still exposed to inefficiency issue. For example, KMC is frequently utilized

to explicitly describe defect reactions and deal with the spatial correlation of

defects. Nevertheless, the system can become computation prohibitive with

increasing pool of events to sample from and small barrier operations which

prevent efficient advancement of simulation time. Better representation of the

problem [265] is promising to improve the KMC models. Meanwhile, mod-

ern data-driven approach using machine learning could potential become useful

in accelerating these methods by querying local structure information [266].

Finally, the practice of coupling multiple/multiscale simulation techniques to

characterize the complex physical process may open door to the construction of

simpler models, e.g. reduced order model to effectively lower the complexity of

conventional physics-based simulations [267] and enable efficient exploration of

parameter space for material optimization.

∙ Uncertainty propagation

A critical question in linking multiscale techniques lies in the propagation of

uncertainty. It should be realized that in either the atomistic simulations of

damage cascades or the calculation of defect diffusion properties, there is always

uncertainty attached. One should be cautious about the modeling procedure;

although the simulations may build on top of deterministic description as seen

in the chemical reaction kinetics, the parameters bearing uncertainty could in-
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troduce significant deviation in the long run. For example, MD simulations can

give a distribution of defect migration energy depending on the local environ-

ment [4], hence a single value to generalize the energy barrier may be crude.

Figure 6-1 also demonstrates the idea by calculating the formation and migra-

tion energies of vacancy in Fe10Ni72Cr18 (simplified model for Alloy 600, which

is a solid solution strengthened alloy used for applications that require corrosion

and high temperature resistance). A proper sensitivity and uncertainty analysis

is important but commonly neglected in the material simulations.

(a)
(b)

Figure 6-1: Distribution of vacancy formation energy (a) and migration energy (b) in
Alloy 600 (Fe10Ni72Cr18). Courtesy of Dr. P.H. Cao from MIT.

∙ Fundamental understanding

Theoretical framework is closely attached to the fundamental understanding of

the mechanisms, such as the formalism of dislocation sink strength, precipitates

effect, and solute dragging. With the prosperity of new material designs such as

high entropy alloys and nanoengineered metals, which are potential candidates

for future nuclear energy system, the mechanisms that dictate microstructure

evolution are of utmost importance to evaluate material performance under ex-

treme environments. For instance, oxide-dispersion-strengthened (ODS) alloys

with nano-cluters embedded in the steel matrix have received much attention

in recent years due to its exceptional radiation-resistant and high temperature

mechanical properties. However, a comprehensive examination regarding these
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nanoclusters such as number density, coherency, stability, and evolution is still

badly needed. Many of the fundamental issues can resort to atomistic simu-

lations. However, it should be noted that although atomistic simulations can

reveal some fundamental processes of defect migration and interactions, efforts

are still in demand to incorporate them into the theoretical description. For

example, the interstitial-loaded grain boundaries are found to emit interstitials

to annihilate nearby vacancies [21]; the loss of inclusion coherency due to dis-

location loop punching [268]; defective SFTs in Cu are much more mobile than

standard ones [162].

∙ Material optimization

One ultimate goal of computational materials study is to predict material be-

havior, optimize existing materials, and discover new materials. Recent years,

experimental studies generate many fascinating results with superior properties

by tweaking the composition and microstructure to the nanometer scale, such

as high entropy alloys, interface engineering and nanostructures. These designs

have delivered exceptional properties from the reported experimental results,

based on some general principle. For example, nanostructured materials have

good mechanical strength based on the Hall-Patch equation, and also admit

high radiation resistance due to abundant defect sinks. However, to unlock the

full potential of these designs, computational studies can not only help under-

stand the underlying the mechanisms, but also serve to complement the limited

number of experiments by exploring the parameter space beyond the testings.

Making use of the predictability of computational models, candidate samples

can then manufactured for the targeted experiments, hence enable a far more

efficient process of super material discovery. For example, in the ODS alloys,

evaluation of many parameters are in imminent need to be assessed to achieve

even better performance, such as the nanooxide density, size, and coherency

with matrix. In the case of high entropy alloys, high dimension optimization on

the composition can efficiently help identify potential optima than traditional
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trial and error.

∙ Data reuse

Materials testing for nuclear applications often subjects to high inefficiency and

cost due to the demanding experimental conditions. However, experiments are

the prerequisite of industrial applications. The accumulated results over the

years of nuclear materials study can be rejuvenated upon the advancement of

artificial intelligence. The synergy among all relevant data may reveal the em-

bedded relations among involved variables in the connecting material properties

with responses like radiation effects. Machine learning has achieved great suc-

cess in materials design as introduced in Section 5, therefore, the innovative

integration of ML and nuclear materials can kickstart more active research in

such inter-disciplinary domain. To facilitate further development, a nuclear

materials genome project consisting of databases on experimental studies and

high-fidelity calculations, and ML models exploring the embedded pattern can

be extremely valuable to whole research domain. Meanwhile, collaborative ef-

forts can significantly contribute to the construction of platform to enable pub-

lic access to retrieve and contribute data resources. Additionally, more effective

data collection may be pursued via natural language processing to automate

literature scrapping.

These imminent problems motivates the future research plan to coordinate atom-

istic, multiscale and data-driven techniques. This thesis work builds the foundation

of more extensive and in-depth study on relevant problems. For example, the study

of Ni𝑥Fe1−𝑥 as presented in Section 3.1 suggests that the thermodynamic mixing

energy correlate very well with radiation resistance which can potential guide the

alloy optimization. To validate this claim, more elemental cases are required to be

examined. As another example in the multiscale framework, the spatial dependent

microstructure evolution needs to considered for realistic description of experiments

such as the migration of constitute alloying elements and phase transformation. A

last example is to describe the dynamic evolution process using machine learning
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informed prediction, which can largely reduce the computation cost. Tackling these

problems extended from this thesis research is aimed to broaden the understanding of

materials behavior and accelerate the qualification of advanced materials for nuclear

applications.
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