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Highlights:

e Comprehensive review of machine learning applications in nuclear materials research, covering
microstructural analysis, thermal conductivity prediction, and mechanical behavior modeling.

e Identification of key challenges including irradiation-induced thermo-mechanical coupling, feature
selection for physically meaningful inputs, and scarcity of high-quality datasets.

e This review highlights future research directions that emphasize hybrid ML—physics frameworks,
time-dependent modeling with temporal—spatial correlations, and physics-informed dataset
generation via finite element simulations.

Abstract: Advanced nuclear materials should be developed to support the new-type nuclear reactors
with high economy and high safety. The nuclear materials refer to the nuclear fuels and nuclear
structural materials, needing to have excellent thermo-mechanical performances under the extreme
in-pile neutron-irradiation conditions. Their irradiation-induced thermo-mechanical properties are
dynamically varying and generally related to the temperatures, the irradiation doses, the chemical
components and the as-fabricated microstructures depending on the manufacture process
parameters, posing significant challenges to their accurate modeling and precise prediction across all
relevant length- and time-scales. It is widely acknowledged that characterizing and understanding these
properties and behaviors demands abundant irradiation data; however, such experiments are very
expensive and time-consuming. Consequently, multi-scale theoretical modeling and numerical
simulations have been widely employed and are frequently reported in the literatures. Recent advances
in machine learning (ML) now offer powerful, data-driven strategies to accelerate these efforts, enabling
rapid property prediction, composition and fabrication-process optimization for advanced materials.
This review begins by introducing the critical thermo-mechanical responses of nuclear fuels and
structural materials under irradiation. Subsequently, current continuum-scale applications of ML in the
research and development of advanced nuclear materials are investigated and discussed. Simultaneously,
the prospects and limitations of ML in this field are evaluated. It is pointed out that ML should be
combined with the advanced modeling and numerical simulation, and it is particularly important to
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enhance the understanding of the physical problems, select appropriate Al algorithms and incorporate
necessary physical constraints with strong generalization capabilities.

Keywords: nuclear materials; machine learning; nuclear fuels; nuclear cladding; thermo-mechanical
properties; irradiation-induced thermo-mechanical coupling behaviors

1. Introduction

Nuclear energy is widely regarded as a crucial clean energy source, renowned for its efficiency and
stability [1,2]. Since the mid-20th century, nuclear energy has become a cornerstone of many national
energy strategies [3], playing an integral role in mitigating climate change and reducing carbon
emissions [4]. In addition to electricity generation, nuclear engineering finds extensive applications in
medicine, industry, and agriculture [5]. Nonetheless, the application of nuclear energy presents
significant challenges, especially concerning safety and material performance. Accidents like those at
Chernobyl, Fukushima, and Three Mile Island have amplified public concerns about nuclear safety [6].

The operating environment within nuclear reactors is exceptionally harsh, characterized by high
temperatures, elevated pressure, intense irradiation, and chemical corrosion [7,8]. Under these
conditions, material failure can lead to serious consequences, compromising the safe operation of the reactor.
As a result, the nuclear industry imposes exceptionally stringent standards on materials, requiring them to
maintain stable physical and chemical properties over prolonged periods in extreme environments.

Nuclear materials are generally classified into two categories: nuclear fuels and structural materials.
Nuclear fuels typically consist of uranium- or plutonium-based oxides or metal compounds, which must
undergo fission reactions efficiently under high temperatures and neutron irradiation. Common nuclear
fuels, including UMo alloys [9] and UO; [10], have been extensively studied over the past decades.
However, challenges persist regarding the loss of geometric stability in fuel element structures, caused
by irradiation-induced swelling and creep deformation. Structural materials serve as protective layers
surrounding the nuclear fuel, primarily preventing the leakage of radioactive fission products into the
reactor coolant. Zr alloys are widely used as cladding materials [11]. However, their severe hydrogen
embrittlement remains an instability factor that threatens reactor safety [12]. Structural materials must
exhibit excellent mechanical strength, corrosion resistance, and irradiation tolerance under extreme
conditions. The coupled thermo-mechanical responses caused by irradiation in reactor-core nuclear
components are critical to the optimal design of advanced nuclear systems.

To support the development of advanced nuclear reactors characterized by high economic efficiency
and enhanced safety, researchers continually conduct experiments aimed at improving material
performances. These experiments encompass the material synthesis, processing, characterization, and
performance evaluation. Through experimental investigations, researchers explore elemental doping and
process optimization to enhance material stability and longevity [13—-15].

Experimental studies for nuclear materials present considerable challenges. On one hand, the
experimental procedures are complex, requiring precise equipment and stringent safety protocols [16]. On
the other hand, testing nuclear materials entails long experimental cycles and high costs [5]. For instance,
irradiation damage experiments require extended high-irradiation simulations, while high-temperature,
high-pressure tests demand specialized setups. The high experimental costs and lengthy cycles
hinder the development of new materials, impeding the ability to rapidly meet the evolving demands
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of the nuclear industry.

Computational technology has played a fundamental role in driving advancements in the nuclear
field. Reactor simulation software based on high-performance computing encompasses domains such as
neutronics, heat transfer, fuel behavior, transient analysis, and mechanics, providing crucial tools and data
for reactor research, development, and safety evaluations [17—19]. In recent years, machine learning (ML),
a key branch of artificial intelligence, has seen rapid advancements. ML algorithms, including supervised
learning, unsupervised learning, and reinforcement learning, are capable of automatically extracting
patterns and rules from large datasets to make predictions and decisions. These algorithms have
demonstrated significant success in image recognition, speech recognition, and natural language
processing [20-23].

The rapid advancement of ML has created new opportunities for materials science. ML algorithms
can efficiently extract valuable information from extensive experimental and literature data to predict
material properties and behaviors. For instance, ML-based materials design can accelerate the discovery
of novel materials, optimize compositions and structures, and improve performance [24]. In materials
science, ML has been applied to alloy design, catalyst development, and polymer research, yielding
substantial outcomes [25-29]. Current numerical simulation techniques are highly advanced, with
simulation results closely matching experimental observations. Consequently, large-scale numerical
simulations are widely used to develop surrogate models for databases, effectively replacing experimental
costs with computational expenditures [30-32]. Additionally, transfer learning techniques are extensively
employed to mitigate reliability challenges in training models with limited datasets [33-36].

The nuclear field has also begun to extensively apply ML techniques to address complex issues in
material property prediction and optimization. For instance, ML models can predict the behavior of nuclear
fuels under various conditions and optimize the composition and processing techniques of cladding
materials [37-41]. Moreover, ML is employed for fault diagnosis and safety assessment in nuclear reactors,
which improves operational reliability and efficiency in nuclear power generation [42,43]. The integration
of ML has significantly increased the efficiency of nuclear material research and development, while
substantially reducing experimental costs and durations.

This review examines the application of ML in the development of nuclear fuel and structural
materials. First, the important thermo-mechanical properties and behaviors of nuclear materials under
irradiation are introduced, together with the existing experimental studies, theoretical modeling and
numerical simulation research. Then, the current applications of ML in the research and development of
advanced nuclear materials are presented in detail. Finally, the prospects and limitations of ML are
discussed. It is emphasized that ML should be integrated with advanced modeling and numerical
simulations, due to the insufficient experimental data available during and after irradiation. It is
important to clarify that this review focuses on the application of various ML models, rather than
providing a detailed explanation of their underlying algorithms. References to the ML algorithms
discussed in this study are provided for readers interested in further investigation. Additionally, this review
is restricted to continuum-scale frameworks, excluding atomic-level approaches such as density functional
theory (DFT) and molecular dynamics (MD).
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2. Thermo-mechanical responses of nuclear materials under irradiation

The thermo-mechanical responses of materials under irradiation evolve dynamically and are
predominantly governed by the combined effects of temperature and irradiation dose. Within such
environments, nuclear fuels and structural materials undergo a range of irradiation-driven phenomena,
including hardening, embrittlement, creep and volumetric swelling.

2.1. Nuclear fuel
2.1.1. Fission solid swelling

In nuclear fuels, swelling caused by the accumulation of both solid and gas fission products manifests
as a macroscopic volume increase. This deformation represents a critical concern in the design of nuclear
reactor cores [44]. Kim and Hofman [45] proposed an empirical formula for fission solid swelling of
UMo alloys, establishing a linear relationship between solid fission swelling and fission density,
expressed as

SWio1ia = 4.0F, (D)

where SW_;,; denotes the volume strain caused by fission solid products in %; F; is fission density

in 10*’fission/m>. Suzuki and Saitou [46] also developed a linear model for UO:; fission solid swelling:
SWSOlid = 25Fd (2)
2.1.2. Fission gas swelling and release

Under neutron irradiation, fission gas atoms migrate toward grain boundaries, where they nucleate and
growth into nano-scale bubbles inside grains and micron-scale bubbles between grains. When the
fission density surpasses a critical threshold, grain recrystallization is triggered[44,47-50],
transforming coarse grains into much finer ones. The smaller grain size accelerates the diffusion of
fission gases into inter-granular bubbles, thereby promoting further bubble growth. The continuous
growth of these bubbles at the grain boundaries gives rise to macroscopic fuel swelling, commonly
referred to as fission gas swelling. This irradiation-induced porosity significantly diminishes the
macroscale thermo-mechanical performances of nuclear fuels [13,51].

Accurately modeling multi-scale fission gas swelling remains a significant challenge. Based on
experimental data, Kim and Hofman [45] expressed fission gas swelling as a function of fission density.
Robinson et al. [52] conducted similar research; however, these empirical models do not provide a
comprehensive understanding of the underlying mechanisms. In pursuit of improved predictive capability,
mechanistic frameworks have been established to relate swelling to bubble density and bubble size while
incorporating key physical processes [48,53,54]. These physics-based models are capable of accounting for
the effects of irradiation temperature, fission rate, and macroscale hydrostatic pressure. However, these
models do not account for the deformation of the solid skeleton surrounding the gas bubbles, which cannot
reflect the continuum-scale bubble growth mechanism. Jian et al. [55], using continuum mechanics,
proposed a new model for macroscale volumetric growth strain that incorporates the combined effects of
irradiation creep, thermal expansion of the skeleton, and swelling caused by solid fission products. They
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also developed a three-dimensional constitutive model and stress update algorithm for multi-scale
irradiation-induced deformation and stress analysis. This work reveals the mechanism of fission bubble
growth, with its accuracy validated by experimental data (comparison of simulation and experimental
results shown in Figure 1 [55]).
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Figure 1. The evolution results of fission gas swelling [55].

In harsh in-pile conditions, gaseous fission products are steadily accumulated in nuclear fuels,
ultimately leading to the release of fission gases. The phenomena of fission gas swelling and release are
closely interconnected, as both originate from the diffusion-driven migration of fission gas atoms inside
the grains of the fuel [56,57]. To capture these coupled effects, Zhang et al. [58] developed a model,
incorporating the internal pressure of gas bubbles, surface tension effects, external hydrostatic pressure,
and creep deformation of the fuel skeleton. This multi-scale framework not only enables accurate
predictions of fission gas swelling and release but also reveals that creep-induced damage of the solid
skeleton as the primary factor for bubble linkage and gas release. Such mechanistic models, grounded in
continuum mechanics and validated against experimental results, provide essential insights for the
design and safety assessment of advanced fuel systems.

2.1.3. Thermal conductivity

Thermal conductivity is another critical property of nuclear fuel. Irradiation-induced porous structure
significantly reduces the thermal conductivity of nuclear fuel. Burkes ef al. [51] proposed an empirical
model to predict the thermal conductivity of UMo alloys based on factors such as Mo concentration,
temperature, and porosity:

ky_mo = 0.25 [A + \[AZ + 8K _okg 3)

A= (1-3P)kJ_y, + 3P — Dk, (4)
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where, ky_y, denotes the thermal conductivity (W/m/K) of irradiated U-Mo; kJ_,,, refers to the
thermal conductivity (W/m/K) of unirradiated U-Mo. The pores, filled with fission gases such as Xe and
Kr, exhibit an effective thermal conductivity k, (W/m/K). P denotes porosity;and A isa parameter
determined by P, kY_,, and kg, . Apart from empirical correlations, predictive computational
strategies have been utilized to evaluate the thermal conductivity of nuclear materials. Reference [59]
discusses the use of the phase-field method to estimate the thermal conductivity of polycrystalline metals
containing both inter-granular and intra-granular bubbles. In addition, this investigation examined the
impact of microstructural factors—grain size, morphological features, and recrystallization—on
macroscale thermal conductivity. This research provides valuable insights for linking the microstructure
of nuclear fuel to its macroscale thermo-mechanical properties.

2.1.4. Irradiation-induced creep

Irradiation-induced creep is an important deformation mechanism during the service life of nuclear fuel,
leading to damage and accelerating fuel failure. Previous studies on nuclear fuel have primarily focused
on UOs. In recent years, Xie et al. [60] analyzed the investigated creep mechanisms in polycrystalline
UN and UsSi» fuels. They developed a creep rate model based on vacancy diffusion and dislocation
motion mechanisms. The model’s predictions closely matched experimental results, validating its
accuracy and offering new insights for creep performance research in nuclear fuels [60].

2.1.5. Thermal expansion

During service in the reactor, nuclear fuel experiences temperature rise, leading to thermal expansion
and volumetric growth, typically described as

SWy,=[1+a(T-Ty]? -1 (5)
where W, is the volume strain induced by thermal expansion; is the thermal expansion coefficient; 7°

and 71 are the actual temperature and reference temperature. Numerous researchers have studied the

thermal expansion coefficient of nuclear fuel, providing specific values, as shown in References [61,62].
2.1.6. Elastic constants

Elastic constants are important mechanical properties of nuclear fuels, as they are directly related to the
mechanical and geometric stability of fuel elements. Numerous researchers [13,63] have experimentally
determined the elastic constants of nuclear fuels, including Young’s modulus and Poisson’s ratio. In
service, porosity within nuclear fuels diminishes their effective elastic response. Li et al. [9] established
the models for the effective elastic constants of irradiated U-10Mo fuel and showed that these constants are
primarily governed by the average porosity at the macroscale. Building on this foundation, Jin et al. [64]
simulated the four-point bending tests of irradiated U-10Mo fuel, formulating models that represent the
deterioration of the skeleton Young’s modulus as a function of porosity and fission density. The
functions are expressed as

Esretoron = —6.58903904F, + 85 (6)
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Eqkeleton = 4350.12551e~%/254732162 4 16 3690404~ P/0-0046114_4281 4945504  (7)

where Egpereron denotes the Young’s modulus (GPa) of U-10Mo fuel skeleton; F; represents the
fission density (10?’ fission/m?); ¢ indicates the macroscale porosity. Together, these contributions
establish a solid basis for accurate modeling of irradiation-induced thermo-mechanical performance in
the U-10Mo fuel elements and assemblies.

2.2. Nuclear structural materials

Structural materials exposed to long-time fast neutron irradiation undergo significant degradation in
mechanical properties, known as the impact of irradiation damage on mechanical performance [65]. A
primary concern is irradiation-induced hardening and embrittlement in structural materials [66]. A
combination of numerical simulations, experimental observations, and theoretical modeling plays a key
role in understanding irradiation effects [67].

Numerous researchers [68,69] have conducted tensile tests on structural materials, presenting
stress-strain curves obtained before and after irradiation, as shown in Figure 2. These studies highlight
a post-irradiation reduction in ductility and fracture toughness, along with increases in yield strength

and ultimate tensile strength.
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Figure 2. Stress-strain curves measured on (a) HT-9 at 25 °C [68], (b) HT-9 at 250 °C [68], (¢)
316 steel at 330 °C [69] and (d) 316 steel at 400 °C [69].

To investigate irradiation hardening and embrittlement behaviors, crystal plasticity theory and
elasto-plastic fracture mechanics are commonly employed [65,70], with model parameters identified
using experimental data. It is important to note that the model parameters obtained using these methods do
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not necessarily represent the true properties of material points. Ding et al. [12] developed a stress-update
algorithm based on continuum damage mechanics theory and implemented it through a UMAT
subroutine for finite element simulations of circumferential tensile tests, studying hydrogen-induced
mechanical degradation behavior in Zr alloys. This research integrated theoretical, numerical, and
experimental methods, yielding more reliable mechanical properties for the material points of
structural materials.

3. Applications of ML in the development of nuclear materials

The powerful image processing capabilities of ML have been applied to investigate the microstructures
of nuclear materials, while its multivariable regression and classification strengths are being applied to
model the relationships between processing parameters and macroscale properties. This chapter outlines
the application of ML in both the manufacturing processes and microstructural characterization of
nuclear materials.

3.1. Nuclear fuel

The macroscale thermo-mechanical properties of nuclear fuels are closely linked to their
microstructures, which are strongly influenced by fabrication techniques. Kautz et al. [71,72] developed
a ML framework to establish quantitative links between processing conditions and microstructural
evolution in U-10Mo alloys. Their approach leveraged the powerful feature extraction capabilities of
convolutional neural networks (CNNs) [73], employing a pre-trained VGG-19 architecture [ 74] that was
fine-tuned by modifying its fifth convolutional block while freezing the earlier layers [71]. This transfer
learning strategy enabled the extraction of high-level image descriptors from a relatively small dataset
of 538 microstructure images, yielding compact feature vectors for downstream prediction tasks [71].
The extracted features were subsequently used to predict five annealing conditions (ranging from 500 °C
for 0-100 hours) [71] , illustrating how CNNs can serve as a surrogate model for process-structure
linkage. Additionally, they applied unsupervised K-means clustering [75] to classify the key
microstructural constituents along with their volumetric fractions, with specific image segmentation
results shown in Figure 3 [71]. Kautz ef al. [71,72] highlights the advantage of using pre-trained CNNs
for nuclear fuel image analysis where datasets are scarce and expensive to generate. The use of transfer
learning effectively circumvents the need to train a deep network from scratch, thereby reducing
computational cost and mitigating the risk of overfitting. However, the predictive capacity is constrained by
the limited variability of the input parameters. The narrow range of annealing temperatures and durations
considered may restrict the generalizability of the model, especially under more complex, multi-step
processing conditions. Furthermore, the authors did not explore the interpretability of the CNN features,
which remains a crucial barrier in deploying ML models for decision-making in nuclear materials design. In
future work, integrating physically informed constraints, such as known phase transformation kinetics, may
help enhance the physical reliability of the predictions.

Kautz et al. [76] developed a deep neural network (DNN) [77] to predict the thermal conductivity
of UMo alloys. The model incorporated 12 input features, including Mo and U enrichment levels, fission
density, and temperature, and was structured with eight hidden layers. Seven experimental datasets
(AFIP-2BZ-A, AFIP-2BZ-B, AFIP-2BZ-C, AFIP-3BZ-E, AFIP-6111-H, AFIP-6111-1, and AFIP-6B-F)
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from References [78—80] were used for model training and validation. The trained model indicated that
thermal conductivity is most sensitive to Mo enrichment in UMo alloys. The model achieved accurate
predictions for AFIP-2BZ-A, AFIP-2BZ-B, AFIP-2BZ-C, and AFIP-6B-F, but exhibited weaker
predictive performance for AFIP-3BZ-E, AFIP-6111-H, and AFIP-6111-1 experiments largely due to
insufficient or unbalanced training data, as shown in Figure 4 [76]. This discrepancy underscores the
limitations of data-driven models in nuclear materials applications, where the diversity and volume of
high-quality experimental data are often restricted by cost, complexity, and safety constraints. The
observed degradation in performance is not merely a result of limited data volume, but also of insufficient
representativeness in the feature space. In particular, the absence of porosity as an input feature—despite its
well-established impact on thermal conductivity [81]—highlights a critical gap in feature engineering.
Incorporating microstructural descriptors such as porosity and phase distribution could significantly enhance
model fidelity. Moreover, the current DNN architecture lacks embedded physical constraints, which limits
its interpretability and extrapolation capability beyond the training domain. As a promising alternative,
Physics-Informed Neural Networks (PINNs) [82] offer a way to embed governing equations into the training
process, thereby ensuring physically consistent predictions even in low-data regimes. Future work may
benefit from hybrid frameworks that couple data-driven inference with physical modeling, leveraging both
sparse empirical data and known thermo-physical relationships.
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Figure 3. Sample outcomes from k-means [71].

Wei et al. [38] proposed a CNN-based approach to extract microstructural feature vectors from
porous materials for thermal conductivity prediction. Their model demonstrated reliable accuracy and
emphasized the importance of integrating microstructure-sensitive representations into ML workflows.
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This suggests that thermal conductivity prediction models for UMo fuels should be multi-modal,
combining structured tabular data (e.g., enrichment, temperature) with unstructured image-based
features (e.g., porosity maps, grain networks). Such integration could yield more robust and transferable
ML models capable of capturing the complex interactions between microstructure and thermal properties
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Figure 4. Estimated thermal conductivity of fuel plates. Y denotes experimental
measurements, y corresponds to neural network predictions, and the gray band indicates the

uncertainty margin of the computational model [76].

During irradiation, the grain size of UO; progressively increases, significantly influencing its
thermal conductivity. Therefore, it is essential to study the trend of UO grain size evolution under
irradiation and varying temperatures. Yu et al. [39] combined manual techniques with ML-based image
analysis to quantify grain size variations under irradiation at different temperatures. They employed the
U-Net architecture [83], a well-established CNN originally designed for biomedical image segmentation.
Its encoder-decoder structure enables precise pixel-wise segmentation, making it particularly suitable
for identifying grain boundaries in noisy or low-contrast micrographs typical of irradiated materials. The
use of U-Net significantly improved analysis throughput while reducing the labor-intensive nature of
manual grain boundary delineation, thereby providing a scalable and reproducible method for
microstructural quantification.

In another study, Abbott ef al. [84] trained an ML model based on the VGG-16 architecture [85] to
study the microstructural differences of Am-UQOs3, a-UOs3, and UsOs as intermediate products forming
UOs. Despite the fact that these intermediate products yield nearly indistinguishable signals in
conventional characterization techniques such as X-ray diffraction (XRD) or X-ray photoelectron
spectroscopy (XPS) [84], the ML model achieved a classification accuracy of 97.9 + 2.1% across the
three categories. This finding underscores the unique capability of deep learning methods to extract
subtle morphological features that are not readily discernible through traditional analytical methods.

During reactor operation, UO2 accumulates fission gases, and their release at elevated burnup levels
can lead to increased internal rod pressure, posing a threat to cladding integrity and fuel rod failure.

10
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Various factors influence the release of fission gases. Koo et al. [86] developed an artificial neural
network (ANN) model [87] to forecast fission gas release from UQO; fuel in light water reactor under
reactivity-initiated accident scenarios. The ANN includes five input features and one output (fission gas
release amount). A subsequent sensitivity analysis revealed that average fission density is the dominant
factor influencing gas release [86]. The proposed model offers a data-driven tool for guiding reactor
operation strategies to limit peak power excursions and manage fuel reliability. The application of ML
to model gas transport phenomena under extreme conditions demonstrates the potential of neural
networks to approximate complex multiphysics behavior when explicit modeling is challenging.
However, these models are still constrained by both the volume and reliability of training data, especially
in accident scenarios that are difficult to replicate experimentally.

Notably, despite these promising advances, applications of ML to model mechanical properties
of nuclear fuels remain underexplored. Although Zhang et al. [37] investigated the rapid design of
isothermal decomposition parameters for UMo alloys using ML methods, their support vector
machine (SVM) model [88] only addressed correlations between processing parameters and alloy
hardness based on limited data. More comprehensive mechanical behaviors—such as irradiation-induced
creep, swelling, and pellet-cladding interaction—are yet to be systematically investigated using ML
approaches. The primary challenges lie in the complex irradiation-induced thermo-mechanical
behaviors, the scarcity of high-fidelity mechanical property data under irradiation, and the need to embed
physical equations into data-driven models. Moreover, the in-reactor behaviors of nuclear fuels are
influenced by a wide array of interacting factors—such as temperature gradients, fission gas behavior,
microstructural evolution, fission rate, and irradiation damage accumulation—making it extremely
difficult to determine which features should be included as reliable and physically meaningful inputs.
Improper input selection or omission of critical variables can lead to inaccurate predictions and severely
limit model generalization. Thus, the identification and engineering of representative features that
faithfully capture the underlying physics is itself a major challenge for ML applications in this field.

3.2. Nuclear structural materials

The metal-water chemical reaction during reactor operation results in hydrogen pickup in zirconium
alloy cladding tubes, compromising their failure resistance [12]. Improving the strength and ductility of
cladding materials and extending their service life is essential for the safe operation of reactors.
Zirconium oxide film porosity governs corrosion dynamics and oxidation of Zr alloys, with increased
porosity adversely affecting the fracture behavior of Zr alloys. Zhang et al. [41] developed a CNN to extract
the micro-porosity of the oxide film on Zr alloys. CNN architectures are highly effective for this task
because they can detect hierarchical patterns and spatial features in complex image datasets. The porosity
values predicted by the model closely matched those obtained from manual image analysis, both in terms
of trend and magnitude, while drastically improving processing speed and consistency. The chemical
composition of Zr alloys also substantially impacts their macroscale mechanical properties. Si et al. [40]
investigated the mechanical behavior of Zr-Ti-Nb-O alloys using a random forest regression model,
which is particularly effective for handling non-linear data with complex feature interactions. By
incorporating variables such as crystal structure parameters, solid solution strengthening effects, and
dislocation mobility indicators, their model provided valuable insights into the compositional and
microstructural factors influencing yield strength and plasticity. Despite these achievements, current
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studies remain limited in several respects. The corrosion and mechanical degradation of Zr alloys are
time-dependent, environment-sensitive processes involving complex interactions among chemical,
thermal, and mechanical fields. Most existing ML models rely on static datasets and lack the ability to
capture temporal evolution or environmental feedback mechanisms. Future work should focus on
integrating time-series data to more comprehensively model the degradation behavior of Zr alloys.

SiC/SiC composites are a novel high-strength, high-temperature-resistant ceramic material
characterized by low density, excellent thermal stability, corrosion resistance, and outstanding
mechanical properties, making them a promising candidate for cladding applications. However,
processing ceramic-based materials poses significant challenges. Some researchers have proposed using
water-jet guided nanosecond lasers [89] to facilitate SiC/SiC machining, which offers improved
precision and reduced thermal damage. Gao et al. [90] developed a DNN to investigate how laser
processing parameters influence results, thus enabling more efficient optimization of SiC/SiC
fabrication. Interestingly, in this study [90] it was found that under low pulse energy (0-10 W),
increasing the laser scanning speed improved processing quality—contrary to conventional physical
models, which predict lower quality due to reduced heat input. This highlights the unique advantage of
ML: its ability to capture latent patterns in high-dimensional experimental data that may elude
conventional analytical frameworks. Because SiC/SiC is a brittle material, any damage can lead to rapid
structural failure of the cladding due to stress concentration effects from cracks. Zhang et al. [91] utilized
the U-Net architecture for image segmentation to study damage modes such as matrix cracking,
delamination, fiber fracture, and fiber pull-out in SiC/SiC under various load conditions, with examples
of segmentation results shown in Figure 5. U-Net’s encoder-decoder architecture is particularly suited
for this task, as it enables pixel-wise localization of complex morphological features within composite
micrographs. The segmentation results enable quantitative damage assessment and offer a foundation
for subsequent failure modeling.

Figure 5. Examples of segmentation results using U-Net [91].

12
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In a complementary effort, Patel ef al. [92] developed a neural network to predict the probability of
transverse crack initiation in SiC/SiC composites based on microstructural morphology. To overcome
the scarcity of experimental crack data, they generated synthetic training datasets using high-fidelity
finite element simulations, thereby establishing a surrogate ML model that can estimate damage
likelihood as a function of local microstructure. This approach demonstrates the potential of integrating
physics-based simulations with ML to create predictive models that are both data-efficient and
physically grounded. Furthermore, ML has also been applied to the non-destructive evaluation of
SiC/SiC composites. Several studies [42,43,93] have applied ML in conjunction with ultrasonic testing
data to detect internal damage and estimate residual strength. These data-driven diagnostic tools provide
valuable support for real-time health monitoring, in-service assessment, and integrity management of
structural components in nuclear environments.

Chao et al. [94] proposed a backpropagation neural network (BPNN) [95] to fit creep curves,
oxidation gain (or loss) curves, and residual strength under different stress, temperature, and
environmental conditions for SiC/SiC composites. Their numerical experiments on univariate and
multivariate data demonstrated the improved predictive performance of this model. However, it is
important to note that the BPNN trained by Chao et al. [94] used a small dataset and potentially biased
toward specific test conditions. As a result, the generalization capability of the model to unseen
operational regimes remains unproven.

3.3. Integrating FEM and ML for nuclear material properties prediction

Due to the high cost, limited scalability, and inherent safety challenges of irradiation experiments for
nuclear materials, finite element methods (FEM), based on validated physics-based constitutive models,
have become an indispensable tool for simulating microstructural evolution and material behavior under
various conditions. FEM not only serves as a powerful stand-alone tool, but also provides high-fidelity
synthetic datasets to train data-driven ML models. When effectively trained, ML models can function as
computationally efficient surrogate models, offering rapid predictions of material response while
retaining fidelity to the underlying physical phenomena. Fu ef al. [96] demonstrated this integration by
modeling the hot rolling and annealing process of UMo fuel alloys. They selected seven key processing
parameters input features such as total reduction, heat treatment time, and the number of hot rolling
passes. A DNN was then trained to predict four outcomes, including final grain size and recrystallization
percentage, based on these processing features. This work extends earlier image-based microstructural
modeling studies by Kautz et al. [71,72], but shifts the focus toward process-structure relationships via
physics-informed simulations. Notably, Fu et al. [96] used FEM simulations of the manufacturing
process to create a dataset, replacing experimental results with numerical simulation data. This approach,
summarized in Figure 6. The successful implementation of this framework primarily relies on an existing
physics-based model [97,98] developed to describe the rolling process. Accurate physical models are
essential to ensure that FEM simulations produce results reliable enough to substitute for experiments,
thus enabling the development of trustworthy ML surrogate models. Compared to the conventional
physics-based simulations, the ML surrogate model developed by Fu ef al. [96] offers a remarkable
speed-up—by a factor of 1000—demonstrating strong potential for optimizing the fabrication process
of U-10Mo. This study confirms the feasibility of integrating FEM with ML for investigating nuclear
material behavior, significantly reducing experimental costs and greatly improving analysis efficiency.
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Figure 6. Strategy combining physics simulations and data-driven surrogates for sensitivity
analysis and efficient prediction and optimization of U-10Mo microstructure [96].

Building upon the integration of FEM-generated datasets and ML models, Yan ef al. [99] conducted
an optimization study on the thermal conductivity of UO>-Mo composites. They constructed a dataset
based on FEM simulation results, incorporating 12 input features such as Mo volume fraction (MF),
crack volume fraction (CF), and others [99]. Multiple ML algorithms were evaluated for their regression
performance, including ANN, SVM, gaussian process regression (GPR), and gradient-boosted decision
trees (GBDTs) [100]. Among them, the ANN and GBDT models exhibited the highest predictive
accuracy [99], as shown in Figure 7. An additional benefit of the tree-based models lies in their inherent
ability to assess input feature importance. Feature attribution analysis (Figure 8) [99] indicated that the MF
is the most critical factor affecting the effective thermal conductivity of the UO>—Mo composite, which is
consistent with physical expectations given the high intrinsic conductivity of Mo compared to UO> [99]. This
study underscores the advantage of ML models in not only making accurate predictions but also offering
interpretable insights into structure—property relationships. In their subsequent work, Yan ef al. [101]
proposed a bidirectional predictive DNN, linking the structural characteristics of composite fuels to their
effective thermal conductivity. This model could predict the thermal conductivity of UO» based on given
structural features and inversely infer structural features from a target thermal conductivity, thereby
accelerating the fuel design process and reducing development costs. Such inverse design frameworks, when
trained on high-fidelity FEM data, hold immense potential for navigating the complex design space of
composite fuels. Further advancing this predictive paradigm, Gong et al. [39] employed a well-established
CNN model (ResNet101) [102], leveraging its powerful capability to extract microstructural features of
UO:-BeO and establish correlations with thermal conductivity, further refining the predictive framework
for UO; thermal conductivity. Overall, these studies offer innovative and practical approaches to the
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development of advanced composite fuels, significantly accelerating their design and reducing

associated costs.
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Recent advances in high-throughput modeling and data-driven approaches have enabled more efficient

exploration of structure—property relationships in complex nuclear fuel systems. Dong et al. [103]

investigated the impact of particle agglomeration on the equivalent mechanical properties of dispersion

nuclear fuel using a combination of numerical simulations and ML. They developed an automated

computational workflow that integrates parametric modeling, parallelized finite element simulations,

and post-processing to generate a large-scale dataset characterizing the mechanical behavior of

dispersion fuel microstructures with varying particle distributions. By employing a Fourier distribution
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function to describe the spatial configuration of randomly dispersed fuel particles, the study
systematically analyzed how key microstructural features—such as particle distribution, volume
fraction, and degree of agglomeration—affect the maximum von Mises stress of the fuel skeleton and
effective Young’s modulus. The resulting high-throughput dataset was then used to train a GPR model,
which successfully predicted the mechanical properties of unseen configurations with high accuracy. In
particular, the ability to capture the influence of particle agglomeration—an effect that is difficult
to parameterize in conventional analytical models—highlights the strength of ML in modeling
stochastic microstructural phenomena. This work demonstrates the potential of integrating ML with
automated simulation pipelines to efficiently characterize the mechanical performance of complex
composite fuel structures.

Similar approaches have also been applied to the investigation of nuclear structural material
properties. Zikry et al. [104,105]developed the dislocation-density crystalline approach. Building on this
framework, Hasan et al. [106] generated a dataset through finite element simulations. They subsequently
developed a method using GPR to predict the link between the fracture stress and probability of failure
under different strain levels, as shown in Figure 9. GPR was selected for its non-parametric, probabilistic
nature, which enables uncertainty quantification and captures complex, nonlinear trends even in sparse
datasets. Their findings indicated that fracture probability is primarily governed by hydride orientation
and the coupled effect with dislocation density. This work reinforces the feasibility and value of using
FEM-based simulation data to train ML models in cases where experimental characterization is either
impractical or insufficient.
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Figure 9. GPR fitting of failure probability for fracture stress at (a) 1.25%, (b) 1.5%, (¢) 1.75% and
(d) 2.0% nominal strain [106].
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In summary, the combined use of FEM and ML constitutes a powerful framework for modeling
both fuel and structural material behavior. While ML provides computational speed and flexibility,
FEM contributes physical rigor and interpretability. This synergy offers a promising direction for
addressing the multi-scale, multi-physics challenges associated with nuclear materials design,
optimization, and qualification.

4. Conclusion and future outlook

This review explores the extensive applications of ML in the investigation of nuclear material properties.
First, powerful image processing techniques such as CNN and K-means algorithms have been widely
used to extract microstructural information for nuclear materials. These techniques significantly enhance
data analysis efficiency, providing crucial support for the design and optimization of nuclear material
processing techniques. Secondly, ML has found broad application in research concerning the thermal
conductivity of nuclear materials. ML models can rapidly predict thermal conductivity by learning from
existing data, thereby accelerating material design and selection processes.

Additionally, transfer learning models and FEM are also widely used in nuclear material research.
These methods effectively address the issue of limited experimental data. ML techniques also exhibit
strong potential in investigating the mechanical behavior of nuclear materials, including creep
deformation and failure mechanisms. By analyzing large volumes of datasets, ML models can predict
the degradation trends of materials over long service periods, thereby guiding material design and
optimization. Overall, ML has been proven to be a reliable and efficient tool, contributing significantly
to advancements in nuclear material science.

Despite these successes, significant challenges remain. Irradiation-induced thermo-mechanical
interactions in nuclear materials is governed by highly complex, multiscale physical phenomena. A key
difficulty lies in selecting representative and physically meaningful input features, ensuring that critical
variables such as porosity and creep strain are not overlooked. Progress is further constrained by the
limited availability of robust, high-quality datasets, impeding the construction of ML models capable of
wide applicability. Moving forward, future investigations should prioritize addressing these limitations
by focusing on:

(1) Developing hybrid ML-physics frameworks that embed physical constraints, governing
equations, and mechanistic insights into the training process;

(2) Incorporating temporal and spatial correlations through recurrent or attention-based
architectures for modeling time-dependent behaviors;

(3) Expanding inverse design capabilities, enabling researchers to identify optimal compositions or
microstructures based on target properties;

(4) Generating diverse and physics-informed datasets via finite element simulations.

In the future, as ML technology continues to evolve and mature, its application prospects in nuclear
material research will become even broader. By integrating ML with cutting-edge computational
methodologies, researchers are poised to make substantial breakthroughs in nuclear material design,
performance prediction, and in-service behavior analysis, thereby establishing a more robust foundation
for the safe, reliable, and efficient utilization of nuclear energy.
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