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Characterizing oxide nuclear fuels is difficult due to complex fission products, which result

from time-evolving system chemistry and extreme operating environments. Here, we report a

machine learning-enhanced approach that accelerates the characterization of spent nuclear

fuels and improves the accuracy of identifying nanophase fission products and bubbles. We

apply this approach to commercial, high-burnup, irradiated light-water reactor fuels,

demonstrating relationships between fission product precipitates and gases. We also gain

understanding of the fission versus decay pathways of precipitates across the radius of a fuel

pellet. An algorithm is provided for quantifying the chemical segregation of the fission pro-

ducts with respect to the high-burnup structure, which enhances our ability to process large

amounts of microscopy data, including approaching the atomistic-scale. This may provide a

faster route for achieving physics-based fuel performance modeling.
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Understanding the evolution of the nuclear fuel in service is
critical to ensuring a reliable environment for geological
storage sites1, improving the fuel efficiency and safety as

the operation is pushed to higher burnups2,3, and providing a
realistic low carbon emission energy solution4–6. The current fleet
of light-water reactors (LWRs) utilizes oxide fuel such as UO2.
The burned nuclear fuel contains multiple phases, including
fission-product phases with complex chemistry. These features
can be represented by noble gases (e.g., Kr and Xe) and metallic
fission products (e.g., Mo, Tc, Ru, Rh, and Pd), whereas other
fission products form oxides such as Cs, Ba, Zr, or lanthanides
and transuranic elements1,7–9. Since the temperature decreases
from the pellet center to the periphery, the generated fission
products distribute heterogeneously in the UO2 matrix. The fis-
sion gases migrate into the defect structures because of their low
solubility and tend to coalesce in the grain interior as intra-
granular bubbles or at the grain boundaries and triple junctions as
intergranular bubbles. When the fission gas moves into the fuel
cladding gap, the released fission gas decreases the heat transfer in
the gap, leading to an increased central fuel pellet temperature
with time. Such a process accelerates the swelling, cracking, and
mechanical degradation of the fuel and plenum. However, it is
demanding to interpret the structure and composition of complex
fission products, especially those with elements that have over-
lapping X-ray lines, which is common because of the high frac-
tion of fission-product yield with similar chemistries. For
instance, to accurately predict the thermal conductivity of a UO2

fuels along its lifetime, the mechanistic fuel-performance mod-
eling is essential to account for the impact of gaseous fission
products, where nanoscale point defects like Xe atoms influences
phonon scattering, as well as the restructured grains, affect the
thermal transport of the high-burnup microstructure10,11. The
current fuel-performance modeling software including the
MARMOT12 and BISON13 code incorporated in the MOOSE
Simulation Environment14 are seeking to improve the mesoscale
simulation module to a full thermal conductivity model with
coupled radiation damage such as swelling and fission gas release.
Thus, understanding these complex fission-product release
behavior processes requires transformational science through
detailed experiments and simulations at multiscale, coupled with
physical/chemical modeling15. This approach will eventually
provide such knowledge to the engineering-scale domain.

The multiscale modeling capabilities must reflect all physical
effects in the experiments. The general challenge of characterizing
fission products in irradiated nuclear fuel—in which large frac-
tions of fission products are present—lies in gathering of accu-
rately combined comprehensive crystallography data, elemental
distribution, and response to the service environment captured
from experiments. Modern characterization of irradiated nuclear
fuels adopts a multifaceted approach. A combination of advanced
experimental techniques is employed, including two-dimensional
(2D) electron microscopy such as scanning electron microscopy
(SEM) with focused ion beams (FIBs), transmission electron
microscopy (TEM), scanning TEM (STEM), electron energy loss
spectroscopy (EELS), energy-dispersive spectroscopy (EDS), and
X-ray diffraction (XRD) in various forms of fuel systems. These
fuel systems include metallic fuels16–18, MOX fuels19–22, uranium
oxide fuels23–25, and tristructural isotropic fuels26,27. The advent
of three-dimensional (3D) characterization reconstruction in
materials science28 facilitated advancements in fuel character-
ization techniques such as atom probe tomography (APT)29,30

and synchrotron X-ray tomography (XRT)31. Although some 3D
reconstruction provides new insights into the local micro-
structure, the inability to cover a sufficient volume of the fuel
section of interest, high-cost setups with destructive methods (FIB
slicing or APT), and labor-intensive analysis process make it less

representative of the macroscopic level; other 3D imaging tech-
niques such as XRT can cover large volumes at the expense of
resolution, while revealing smaller-length scale details in the
structure commonly requires longer data acquisition time32.

With respect to the X-ray mapping inside a SEM or STEM
using EDS systems, the elemental distributions of materials can be
probed at high count rates by the large-area high-throughput
silicon drift detector technologies, resulting in full-spectrum X-
ray imaging (XSI) at each pixel instead of the conventionally
recorded X-ray intensity maps versus position33. XSI maps can be
analyzed through conventional curve-fitting approach based on a
sufficient signal-to-noise ratio in each pixel, where the back-
ground is subtracted for deconvolution of the overlapping
signals34,35. However, the volume of the data produced by
modern-day microscopy can be up to 300 GB per hour36. In order
to effectively and efficiently interpret the data unbiasedly, aug-
mented data analytics algorithms are required to be incorporated
into the workflow by a human analyst, which is often found out
that rich details invisible to manual analysis can be revealed by
these advanced methods37–39. Recent advances in ptychography
methods such as four-dimensional (4D) STEM and precession
electron diffraction (PED) have generated big data, and these
advances are critical for the development of efficient analysis tools
to identify precise structures and extract useful features from the
big data36,40. In the artificial intelligence (AI) and computer
vision community, machine learning (ML) has been applied to
many problems: classification, image recognition, segmentation,
tracking, and reconstruction41. Their research and development
on advanced ML algorithms promoted open-source ML packages
such as Scikit-learn42, and deep learning (DL) packages like
TensorFlow and PyTorch43,44. There are three primary barriers to
implementing these techniques into the microscopy and materials
science fields: (1) the cost of material preparation and infra-
structure for data collection is high, limiting the available datasets
for post analysis; (2) prior knowledge in materials science and
relevant disciplines is needed to accurately label the data; and (3)
there is no standardized platform that can be used instead of
curve-fitting models to translate raw data of various forms into
organized workflows. A framework for crystallographic determi-
nation through DL on massive diffraction datasets was developed
recently by Aguiar et al.45. Their convolutional neural networks
enable the augmented analysis of diffraction patterns without
stored data but have not yet addressed unsupervised ML to either
pre-process the images for training or post-process the images
through clustering methods. With respect to nuclear fuel analysis,
the structure of fission products is usually unknown; thus, the
indexing of the diffraction pattern is unlike that of the supervised
ML method on known objects, in which the potentially matched
patterns can usually be found in a crystallography structure
library such as Pearson’s Crystal Data46, the Crystallography
Open Database47, and the Materials Project48. The scale of fission
products can expand from nanoscale to macroscale, and for the
nanophase features, selected area electron diffraction (SAED)
patterns can be challenging to acquire. For applicability at the
engineering scale, modeling and validation of the computer codes
require the microscopy data to cover as large an area as possible
on the fuel section. STEM-EDS can balance these requirements
and provide sufficient data for the irradiated fuel characterization,
but the identification of the X-ray peaks can be difficult when the
fission products are too close to each other. Identification can also
be difficult because of noise-caused artifacts resulting from
sample preparation, which is a significant challenge for spent
nuclear fuel where remote handling can make even standard
metallographic polishing methods difficult. Moreover, STEM-
EDS of these materials is particularly challenging because of the
large number of elements present caused by the burnup and
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decay of the material during service. Given that a large number of
elements present are closely located on the periodic table, the
chemical characteristics may be very similar. By extension, the
characteristic X-rays that make elemental discrimination possible
may be close to the energy resolution of the detectors for many of
the elements present. For example, one possible decay chain is the
Ba → Cs → Xe transition that can be used for forensic exam-
ination of the fuels, but these elements are also difficult to dis-
criminate because of their similar characteristic X-ray energies.

To accelerate this characterization cycle, we developed an ML-
driven approach to enhance the data mining of contemporary
microscopy data on irradiated fuels. Specifically, this method was
demonstrated on high-burnup fuels and their fission products,
and it also revealed the metallic precipitates and fission gas at the
nanoscale. The highly irradiated commercial spent nuclear fuel
samples were examined in different regions through state-of-the-
art microscopy. The subsequent high-quality visualization
through combined advanced ML algorithms captured the unique
nanoclusters at different sinks, such as the metallic precipitates
and grain boundaries. The principal component and clustering
analyses show the detailed chemistry, phase compositions, and
tendency of segregation in a large dataset composed of random
precipitates. With this advanced approach, the current nuclear
fuel characterization cycle could be significantly improved leading
to accelerated innovative fuel design based upon reliable experi-
mental data, with great potential to reveal more nanoscale fission-
product release behaviors, contributing to a carbon-neutral
option with “ultra-high-burnup” fuels.

Results
Principal component analysis of restructured fuel. A schematic
representation of the spent fuel structure is provided in
Fig. 1a49–52. Fission gas bubbles (green) and metallic fission-
product precipitates (magenta/yellow) influence the fuel perfor-
mance. The fission products can segregate in the grain boundaries
and decorate both the grain boundaries and grain interiors,

resulting in further intragranular/intergranular bubble swelling,
and they develop into larger pores relative to the submicron- or
micron-sized pores/bubbles. Cracks form both intergranular and
transgranular. The larger grains restructure into submicron grains
toward the pellet rim as the high-burnup structure (HBS) forms.
Figure 1b shows an example of the grain structure transition in
spent fuel from the Limerick Generating Station’s boiling water
reactor (BWR) nuclear power plant (NPP) with an average
burnup of 56MWd kgU−1. Selected cross-sectional electron
backscatter diffraction (EBSD) maps at five different radial
positions demonstrate the grain structure as a function of radius.
In the grain structure, the central region has large (>10 μm)
grains, the transition region has a combination of both large and
submicron grains, and the rim indicates the fully developed HBS.
The grain structure resembles fuel from the H.B. Robinson
pressurized water reactor (PWR) NPP23 and has a similar burnup
level.

The high-burnup UO2 microstructural evolution can be
characterized based on the variable chemistry of fission-product
and fission gas features along the radius of the cross-section. An
area was selected in the Limerick NPP spent fuel transition region
(r/r0 ~ 0.9, where r0 is the radius of the pellet and r is the position
along the radius from which the data were acquired). This region
combined both unrestructured and restructured grains, shown by
the bright-field STEM (BFSTEM) in Fig. 2a. Bright-field TEM
(BFTEM) using the Fresnel contrast method was applied to image
the nanoscale Xe bubbles in the unrestructured region enclosed
by the red box in Fig. 2b. Then, a transmission Kikuchi diffraction
(TKD) map was used (Fig. 2c) to confirm the combination of
both unrestructured grain (purple) and its surrounding sub-
micron restructured grains: only nanoscale Xe bubbles exist in the
unrestructured grain. Finally, Fig. 2d displays SAED patterns,
which shows the matrix UO2 on zone axis 112. The minor
diffraction spots indicate the small metallic fission-product
precipitates (<70 nm). Examples were given to fit possible phases:
body-centered cubic (BCC) β-Mo (Tc, Ru) on zone axis 110, face-
centered cubic (FCC) α-Pd (Ru, Rh) on zone axis 112, and

Fig. 1 Schematic cross-sectional view of the spent nuclear fuel microstructure. aMagenta and yellow elements are metallic precipitates formed by fission
products, whereas green elements are bubbles or pores formed through fission gas release such as Xe, Kr, I. The fission products can segregate in the crack
and decorate both the surfaces of the grain boundaries and grain interiors, resulting in further intragranular/intergranular bubble swelling. The grain
restructuring (subdivision) occurs at the transition region and fully develops into submicron grains toward the fuel rim. b Selected EBSD scans in a fuel
from the Limerick NPP are provided as an example to demonstrate the grain structure at five different radial positions. The transition region has a
combination of both large and submicron grains, and the rim indicates the fully developed HBS.
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hexagonal close-packed (HCP) ϵ-Ru (Mo, Tc, Rh, Pd) on zone
axis 11�20. However, it is challenging to accurately index these
precipitates because of the following reasons: (1) the composition
and crystallography of these fission products25,53,54 are intricate
in nature; (2) there is limited capability to substantially thin a
specific region of the highly radioactive, porous fuel specimen for
high-quality high-resolution TEM (HRTEM) and fast Fourier
transform (FFT); and (3) even though assuming a good-quality
thin specimen is achievable, it is inefficient to locate, record, and
determine the structure of multiple precipitates through time-
consuming tilting, correction, and indexing. Therefore, we
propose an advanced approach enhanced by ML to help obtain
useful information, especially about the chemistry of these small
fission-product precipitates, nanoscale Xe bubbles, and potential
nanoclusters that are unable or difficult to be resolved in a
conventional TEM.

First, we focused on the metallic fission-product precipitates
shown in Fig. 2 using targeted STEM-EDS at nanoscale
resolution. A demonstration of the ML-driven workflow is shown
in Fig. 3. This approach starts with the input of a high-quality raw
STEM-EDS image (Fig. 3a). The raw data, for example, cannot
distinguish the overlapping of Ba and Xe and artifacts. The data
were analyzed using the optimally scaled principal component
analysis (PCA) approach described by Keenan et al.55. Raw data
are scaled for Poisson noise and subjected to singular-value
decomposition (SVD), and the model is truncated to only
relevant components and the translated data then returned from
Poisson space to its original space. This results in a loss of
orthogonality, so a reorthogonalization is applied. From this
PCA-like model, matrix rotations (such as Varimax) can be
applied to convert either the abundance maps or spectral
endmembers into a simple representation (Fig. 3b). More details
about this process can be found in the scree plot (Supplementary
Fig. 1), SVD before truncation channels (Supplementary Figs. 2

and 3), functional PCA (FPCA) (Supplementary Figs. 2 and 3),
and Varimax rotations (Supplementary Figs. 6–9).

A demonstration of the unsupervised ML approach for the
labeled spectrum data is given in Fig. 3c. The hyperspectral data
were converted through an eight-component decomposition to
reveal the detailed clustering. Each component represents a
calculated score image applied by the PCA. Components
1–3 show the U element loading spectra with a strong score
image away from the precipitates; this is the fuel matrix.
Component 3 shows the same U elemental lines, but it has
strong O-K lines and weak U-M lines compared to component 2.
The combination of 2 and 3 demonstrates the self-absorption of
the soft (lower energy) X-ray M lines together, thus demonstrat-
ing the U-rich matrix. Component 4 shows Xe-L and Ba-L lines
together, which is a strong indication of Xe and Ba nanoclustering
near the precipitates. Component 5 shows high C and U signals
but a weak C signal in the lower-left precipitate. Component 6
indicates a strong Mo signal, along with Tc, Ru, Rh in all four
fission-product precipitates close to the β-Mo (Tc, Ru).
Component 7 shows an even stronger Pd contribution, as well
as Ag, C, and Mo in the center of the upper-right precipitate
accompanied by small clusters near the α-Pd (Ru, Rh).
Component 8 provides stronger Ru content with weaker Mo,
Tc, and Rh enrichment on the two larger precipitates, and it
provides nanoclusters distributed in the matrix, indicating
similarity in ϵ-Ru (Mo, Tc, Rh, Pd).

We consider that the scale of the data generated by the
modern-day microscopes and provide a strategy for cloud-based
data management56,57. The collected data in the local server can
be transferred to online storage through an Amazon Web Service
(AWS) cloud server. The microscopic images can then be
annotated through Labelbox, which is used to train DL to obtain
valuable statistics from large datasets. Extract, transform, load
(ETL) is also achievable via the PySparks platform to gather data

Fig. 2 Conventional approach to determine the crystal structure of fission-product precipitates and Xe bubbles. a BFSTEM shows the microstructure of
the transition region of the Limerick fuel. b Conventional TEM using the Fresnel contrast method can image the Xe bubbles but requires a longer time of
operation. c A TKD map confirms the combination of both unrestructured (purple) grains and its surrounding submicron restructured grains, whereas only
nanoscale Xe bubbles exist in the unrestructured grain. d SAED patterns show the matrix UO2 on zone axis 112. The minor diffraction spots are difficult to
index because of the unknown structure of the small metallic fission-product precipitates (<70 nm). Examples were given to fit possible phases from
literature25,53,54: BCC β-Mo (Tc, Ru) on zone axis 110, FCC α-Pd (Ru, Rh) on zone axis 112, and HCP ϵ-Ru (Mo, Tc, Rh, Pd) on zone axis 11�20.
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from multiple resources for in-depth data-driven analysis. Google
Colaboratory can serve as a quality control tool for tracking the
image analysis such as further segmentation and reconstruction
as each user could implement their own scripts with user-defined
AI algorithms. This dynamic structure can improve the quality of
data analysis and can be implemented into the data acquisition
process. Users can specify their own scripts to manage their

workflows using such an AI-based microscopy data platform.
Such a platform greatly expands the compatibility of microscopy
data heterogeneity from different users and can provide a flexible
channel to compare various forms of data on a consistent path.
This also allows users to incorporate different codes/algorithms
from GitHub repositories for either DL or other types of AI-based
analyses, for instance, image analysis software MIPAR58. Another
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recent advance of automated mapping software enables large-region
acquisition of montages of XSIs interrogated by computer-
controlled stage motion, which provides both big datasets while
maintaining fine pixel pitch59. Thus, the very large datasets can
span multiple orders of magnitude of spatial scale, making it
difficult for the human analyst to interrogate comprehensively.
Within a constant total time, because the larger-areal mapping
reduces the time per tile, degradation of signal-to-noise ratio may
hide low-intensity features under the noise floor. Here, our ML
approach in Fig. 3 provides an opportunity to leverage highly
optimized algorithms both computationally and memory-efficiently
on the sparse data processing based on the intrinsic sparsity of XSIs.

Improved visibility of Xe bubbles through machine learning.
The migration of Xe gas is affected by fission gas sinks63–65, so
targeting specific locations in the experiment is important because
of the expectations of the nanophase fission gas behaviors.
However, the nanoscale Xe bubbles in the restructured region
shown in Fig. 2 are difficult to locate in a large area with a
conventional TEM approach. The quantitative statistical analysis
on these nanoscale Xe bubbles is limited by high-angle annular
dark-field (HAADF) comparison across multiple regions and
could miss information on even finer bubbles. Here, we reapplied
the ML-driven approach demonstrated in Fig. 3 to reveal the
intragranular nanoscale Xe bubbles shown in Fig. 2b. PCA results
show both precipitates and Xe bubbles. Detailed X-ray intensity
mapping of the Xe (Fig. 4) improves the visibility of fine Xe
bubbles, which are invisible when using BFTEM in Fig. 2a. Cs and
Ba are not prevalent in the matrix. Figure 4b shows a higher
magnification deconvolution map (a spectral simplicity–rotated
abundance map and a spectral endmember pair) of intragranular
Xe bubbles in another restructured grain of the Limerick fuel. In
this particular instance, the PCA has been applied to greatly
improve the relatively noisy and sparse dataset, into a series of
low-rank, low-noise, image, and spectra vectors. Reducing the
data into these components vastly improves the visibility of key
features. In this instance, the PCA analysis revealed three primary
components representing the three strongest spectrum-image
pairs within this particular dataset. The three-component analysis
revealed overlapping of Xe bubbles with the fission products.
Each component was marked as endmember #0–#2, and an
abundance map accompanies each endmember. Each X-ray (keV)
peak labeled via the multivariate curve resolution-alternating
least-squares method66 allows efficient identification of nanoscale
Xe bubbles, and it also displays finer details of fission-product
nanoclusters (Fig. 4c). The C–K and O-K lines are weak across
the three components. Component 1 shows the U-M lines, which
are weaker at the Xe bubbles than the matrix. Component
2 shows the stronger Mo-L and Ru-L signal and weaker Tc, Rh,
Pd, and Ag signals, implying the combination of the β-Mo (Tc,

Ru) and ϵ-Ru (Mo, Tc, Rh, Pd) phases. Component 3 shows
stronger Xe-L lines than the Mo–Tc–Ru–Rh–Pd–Ag peaks. This
demonstrates the fission-product nanocluster segregation is
associated with nanoscale Xe bubbles. We also examined the
HBS; no intragranular Xe bubbles were found. This ML-aided
algorithm improves the accuracy and speed of locating fine Xe
bubbles smaller than 5 nm.

To validate our ML-aided EDS approach, we extended the
algorithm to the HBS in the H.B. Robinson fuel with a higher
average burnup at approximately 72MWd kgU−1. Like in the
HBS of the Limerick fuel, no intragranular Xe bubbles were
observed. However, nanoscale Xe bubbles still exist intergranu-
larly at the grain boundary in the HBS. The advantages gained
from using the ML algorithms were validated (Fig. 5), and
conventional TEM using the Fresnel contrast method was unable
to capture finer features at a random high-angle grain boundary.
After the ML reconstruction of the STEM-EDS data, intergra-
nular Xe bubbles overlapping with the fission-product clusters
were observed (Fig. 5b). The nanoscale Xe bubbles (≤4 nm) are
presented as color mix maps in Fig. 5c, and the spectrum is
labeled at low- (0–10 keV) and high-energy (10–20 keV) ranges.
The ML decomposition of the X-ray spectrum at the low- and
high-energy ranges in Fig. 5d demystifies the fission-product
nanoclusters and Xe bubbles trapping at the grain boundary. In
the low-energy range below 5 keV, the fission product precipitates
are rich in Mo-L peak, and the Tc-L and Ru-L peaks are lower.
The Xe bubbles are reflected by the Xe-Lα, accompanied by Xe-
Lβ1 overlapped with U-M2N4 and minor Xe-Lβ2. The matrix is
dominated by the U-Mγ line. At the high-energy range above
18 keV, a strong Mo-Kβ signal appears, along with Ru-Kα, Tc-
Kα, Pd-K, and U-Lγ1 peaks. The spectrum analysis showed that
the fission product is the β-Mo (Tc, Ru) phase. In this scenario,
the Xe-L line readings are lower than the spectra loadings of
fission product precipitate L lines. However, the nanoscale Xe
bubbles can be recognized with improved visibility over the
conventional BFTEM and STEM methods.

Segregation of fission-product precipitates through data
mining. In addition to the qualification of fission products, ML
can be applied to quantify the composition of each individual
fission-product precipitate. Figure 6a displays the composition of
small-scale metallic fission-product precipitates (<100 nm) in the
HBS as a heatmap along the radial position of the Limerick fuel
segment. The heatmap was calculated from normalized atomic
percent (at. %) for Xe, U, Te, Tc, Ag, Ru, Rh, Pu, Pd, Mo, Cs, and
Ba with acquired data from STEM-EDS maps. Red indicates high
levels of concentration, whereas blue and green indicate low
concentration levels. The precipitates primarily consist of Mo, Tc,
Ru, Rh, and Pd, with minor Ag contributions; Te, Ba, Cs, and Xe
are present in lower concentrations. The phase identification of

Fig. 3 Unsupervised ML approach reveals detailed decay product nanoclusters in the vicinity of the metallic fission-product precipitates. a Data
acquisition using the state-of-the-art Talos F200S G2 TEM. Also shown are the raw STEM-EDS intensity maps of precipitates in Fig. 2, in which overlapping
of Ba and Xe could not be differentiated and were sent into the data pipeline processing modules for post analysis. b The data were processed through a
multi-layered ML module structure. The method demonstrated here used spectrums (X-ray energy, keV) with an eight-component decomposition. PCA
deconvolution of the spatial and spectrum distributions rotated to the optimally scaled simplicity. An example of noise-filtered maps after a 4 × 4 data
binning and PCA includes fPCA, SVD, and spatial/spectral simplicity. An RGB color mix of Ba, Pd, and Xe60 is shown. X-ray spectrum peak identification
can be achieved through the nonnegative matrix factorization (NMF) method61,62. c Spectrum maps with X-ray lines marked. The y axis displays the
intensity of the signal (arbitrary units/counts), and it should be noted that the same magnitude is not displayed in each sub-figure and the maximum
intensity in each plot is different. The selected area is in the transition region (r/r0~0.9) of the Limerick BWR fuel rod of average burnup at ~56MWd kgU−1

(~5-year service in an NPP reactor). The results indicate the association of the Xe and Ba clusters with the metallic precipitates (Mo, Tc, Ru, Rh, Pd, and
Ag). Since no mobile Cs were detected, the coexistence of the Xe and Ba clusters indicates that the Ba is a decay product arising from the decay chain
138Xe (14-min half-life)→138Cs (33-min half-life)→138Ba from neutron inventory analysis. d Overview of cloud-based data management strategy. “Amazon
Web Services, the “Powered by AWS” logo, are trademarks of Amazon.com, Inc. or its affiliates in the United States and/or other countries.”.
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these fission-product precipitates was not apparent, so clustering
analysis was applied on the chemical mapping based on the k-
means clustering algorithm. One of the advantages of clustering
over bilinear factor models is that clustering can have more
clusters than the chemical rank (i.e., “parsimony restriction,”
Stork and Keenan)67. Regarding the data mining and informatics
in Fig. 6, the clustering algorithms are performed on the spectral-
only data from the standardless Cliff–Lorimer method68. PCA on
the elemental concentration determines the sizes of five clusters
(blue: cluster 1; red: cluster 2; orange: cluster 3; green: cluster 4;
purple: cluster 5) for the k-means clustering method. The two-
component (Fig. 6b) and three-component (Fig. 6c) PCA
decomposition were plotted by using the k-means clustering
method.

The relationship between each fission-product element and the
U content (at. %) was then plotted, shown in Fig. 6d. The major
elements Mo, Tc, Ru, Rh, and Pd indicate a strongly negative
correlation to the U content. Cluster 1 in blue is present in all the

plots with U contents lower than 20 at. %; Mo, Tc and Pd are
major components, and Tc and Rh are minor, indicating a
combination of three phases: β-Mo (Tc, Ru), ϵ-Ru (Mo, Tc, Rh,
Pd), and α-Pd (Ru, Rh). Cluster 2 in red represents U content
~20–60 at. %; the major contents are Ru and Mo with minor Pd,
Tc, and Rh. The significant change in the Pd concentration
indicates the separation of the ϵ and α phases. Cluster 3 in orange
shows Pd depletion, indicating a decrease in the α phase; part of
cluster 3 (>1 at. %) is related to the higher Xe concentration.
Cluster 4 in green and cluster 5 in purple are majorly influenced
by Mo. The decrease in Ru represents ϵ phase depletion, and the
increased concentration of Te, Cs, and Ba in cluster 4 indicate a
possible decay pathway of the Te fission product25. Ag is only
prevalent in clusters 1 and 2 at the radial position ≥0.9.

Figure 6e provides the scatter plot of the ternary phase diagram
for each predicted fission-product phase, and individual metallic
precipitate compositions were derived from clustering analysis of
the STEM-EDS dataset. The α phase diagram distinguishes cluster

Fig. 4 Machine-learning–aided microscopy improves the accuracy and speed of locating intragranular nanoscale Xe bubbles. a STEM-EDS intensity
maps after 4 × 4 data binning show the intragranular Xe bubbles in the transitional region. These STEM-EDS maps intensity maps are taken from the same
region presented in Fig. 2a. b Spectral simplicity rotation after PCA representation (X-ray energy in keV) shows the overlapping of Xe bubbles with the
metallic fission products in the restructured grain. c Spectrum simplicity after PCA allows efficient identification of nanoscale Xe bubbles; finer details of
nanoclusters are also displayed. Application of ML to the STEM-EDS spectrum images improves the visibility of fine Xe bubbles, which cannot be seen in
Fig. 2a.
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1 from the others, showing that it has a higher average Pd
percentage. The divergence of the scatter data indicates that the α
phase may not be a predominant solid solution path. The β phase
diagram indicates a strong concentration of the data, and each
grouped cluster is closer in the composition spacing, which
indicates that most of the fission products are β phase. The ϵ
phase diagram resolved the uncertainty in the α phase diagram,
indicating that cluster 1 is closer to the ϵ phase, with a Mo
content less than 50 at. %. Cluster 2 partially shows the nature of
ϵ phase, with a (Ru+ Tc) content higher than 75 at. %. Clusters 4
and 5 may also belong to the ϵ phase, with Mo contents lower
than 50 at.%. In all the three phase diagrams, cluster 3 is less
prevalent than the other clusters, which reverifies the relationship
between the clusters and Xe established by the regression plot in
Fig. 6d.

Discussion
The workflow in Fig. 3 can provide higher spatial/spectral pre-
cision from current microscopy datasets. This method reduces the
high-dimensionality EDS data into spectral endmembers and
abundance maps. Although the Xe bubbles can be routinely
imaged via lengthy combined analysis of TEM and TKD data to
correlate nanoscale pores with restructuring (Fig. 2), our ML
approach has several benefits with respect to reducing the
dimensionality of the EDS data. Our approach increases the
characterization speed through the application of ML approaches
to provide a robust analysis of sparse and/or noisy data, and to
identify spatial-chemical relationships that would not normally be
possible under human analysis alone, and moreover, the
agglomeration of nanophases such as the formation of pre-
cipitates/clusters displays an abundance-represented picture of
the localized structure (Fig. 3). Direct evidence of the resolution
of Xe bubbles is given in Figs. 3 and 4: the ML separates different
phases simultaneously and presents these Xe nanoclusters near
the vicinity of the metallic precipitates. We have also extended the
algorithms to probe the intergranular bubbles in the HBS of the
H.B. Robinson NPP fuel. Other PCA methods can be seen in
Supplementary Figs. 5, 7, and 9.

Overall, correlations between the elements in the four larger
metallic precipitates and several nanoclusters including Xe and Ba
are described in the ML analysis, as depicted in Fig. 3c. Compared
with the time-consuming SAED, HRTEM, and FFT methods19,25–27,

our analysis provides a compact qualitative description regarding
multiple precipitates’ solid solutions and extends to the nanoclusters
unable to be resolved with conventional BFTEM. Further denoising
and reconstruction can be obtained through optimally scaled PCA,
as well as spatial or spectral matrix rotation to achieve a low-rank
description of the EDS data. Figure 3b provides the noise-filtered
maps after the PCA and NMF peak finding algorithm was per-
formed. The RGB color mix of Ba, Pd, and Xe highlights the
overlapping of Ba and Xe (Fig. 3b). The high-quality, low-rank,
noise-filtered results indicate the association of the Xe and Ba
clusters with the metallic precipitates (Mo, Tc, Ru, Rh, Pd, Ag).

The challenge of STEM-EDS is to identify chemically distinct
elements that have characteristic X-rays that are very similar in
energy. For instance, the Lα lines of Xe (4.110 keV), Cs
(4.285 keV), and Ba (4.466 keV) are very close to each other. The
PCA filtering maps allow masked elements to be identified with
greater confidence. Moreover, the chemical reactions that occur
during the fission release process can be clarified and separated
from the radioactive process. We provided an approach to high-
throughput spectrum-image mapping to differentiate the closely
neighboring elements in X-ray lines (Fig. 3). The clustering of Xe
and Ba, which are chemically dissimilar, is likely the result of the
radioactive decay of Xe into stable Ba. The most likely source of
Xe decaying into stable Ba is 138Xe (14 min half-life)→138Cs
(33 min half-life)→138Ba (stable). It is also possible that Ba could
come from the atomic number 137 decay chain, but no Cs were
detected in these clusters, indicating that longer-lived 137Cs and
other Cs isotopes migrated to other areas of the fuel.

From a science perspective, several interesting observations can
be extracted from our ML-enhanced XSI mapping. The following
insights could be useful for future guidance on fission gas beha-
vior, HBS formation mechanisms, and nuclear fuel characteriza-
tion. (1) Unlike the rapid diffusion of larger bubbles/pores in the
central fuel region, the diffusion mechanism in the HBS was
interrupted. (2) The trapping of the Xe bubbles in the unrest-
ructured grains is distinct from the absence of fine-scale intra-
granular Xe bubbles in the HBS, which is consistent with the
previous observation of the Xe depletion in the HBS69. (3) The Xe
depletion is related to the accelerated fission gas transport, and
the intergranular bubbles grow through a different pathway as a
result of the newly formed subgrains acting as high-density het-
erogeneous nucleation sites. (4) The Xe bubbles located in

Fig. 5 Unsupervised ML improves the visibility of nanoscale Xe bubbles at the grain boundary. a Conventional TEM using Fresnel contrast method
performs poorly in terms of showing fine features at the grain boundary. The data were acquired from the HBS of the H.B. Robinson PWR fuel rod with
average burnup at ~72MWd kgU−1. bML-aided reconstruction of the STEM-EDS data shows the presence of intergranular Xe bubbles overlapping with the
fission-product clusters. c Combined low-/high-energy channel color mix maps reveal the fine-scale Xe bubbles (≤4 nm). dML decomposition of the X-ray
spectrum at the low- and high-energy ranges demystifies the fission-product nanoclusters and Xe bubbles trapping at the grain boundary. Raw STEM-EDS
map can be referred as Supplementary Fig. S10.

ARTICLE COMMUNICATIONS MATERIALS | https://doi.org/10.1038/s43246-022-00244-4

8 COMMUNICATIONS MATERIALS |            (2022) 3:21 | https://doi.org/10.1038/s43246-022-00244-4 | www.nature.com/commsmat

www.nature.com/commsmat


nanoclusters near the fission-product precipitates shown in
Fig. 3c are accompanied by further segregation of the noble metal
phases associated with Xe in Fig. 4b, c, indicating a nondiffusional
mechanism related to the heterogeneous model of the fission
fragments70,71. (5) The trapping of nanoscale Xe bubbles at the
grain boundaries in Fig. 5 followed by growth into large pores
could support the alternative recrystallization theory72. (6) The
size-dependent resolution related to the segregation of fission

products at the nanoscale could explain the bimodal distribution
of Xe bubbles73. (7) The decay product, such as Ba, could also
occur with the fission fragments and gas, which could be a factor
that influences the Xe redistribution. (8) The clustering analysis
shown in Fig. 6 illustrates that the variance in the phase com-
position and structure of the metallic precipitates is related to the
fission products and Xe bubbles. (9) The Cs content is relatively
low across the radial positions because of its low solubility,

Fig. 6 Materials informatics–driven chemistry analysis on fission-product metallic precipitates along the radial position. a Heatmap calculated from
normalized at. % acquired from STEM-EDS maps and radial positions of the metallic precipitates in the Limerick fuel. Red indicates high levels of
concentration, whereas blue and green indicate low levels of chemical concentration. The precipitates primarily consist of Mo, Tc, Ru, Rh, and Pd, with
minor contributions from Ag. Te, Ba, Cs, and Xe are present as minor components. b k-means clustering based on two-component PCA decomposition.
c k-means clustering based on three-component PCA decomposition. d Regression analysis after PCA. A strong correlation was found between the major
fission products (Mo, Tc, Ru, Rh, and Pd) and U. e Ternary phase diagram for three predicted fission-product phases; individual metallic precipitate
compositions were derived from clustering analysis of the STEM-EDS dataset.
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contrary to the enrichment of Cs in the HBS of the MOX fuel24.
Our results recommend an upgrade in the current modeling
process by considering the different types of sinks, including
grain boundaries, metallic precipitates, pores, and so on. The Xe
mobility at different interfaces must also be incorporated into the
current molecular dynamics simulations. Based on all the
observations mentioned above, it is plausible to extend this
unsupervised ML approach and the cluster analysis to any data-
sets from SEM-EDS, STEM-EDS, APT, and synchrotron
XRD16–23,25–27,29–31,52,70,74 for nuclear fuel characterization—
especially when the datasets are too large or complex to be pro-
cessed with traditional software or human-centered data
exploration. In addition, our approach can be used to improve
training sets for supervised ML or DL for any crystallography
classification45 or combined diffraction and chemistry identifi-
cation, prediction, and merging75.

The early stage of ML application in materials sciences majorly
focused on simple or straightforward algorithms. This study has
stepped further to integrate the unsupervised ML into the
microscopy characterization of nuclear fuels—one of the chal-
lenging problems in materials science field. The nuclear fuel
performance heavily depends on the ability of the spent fuel
matrix to immobilize the fission products, and the interfacial
behavior between fuel and matrix in terms of cracking, fission-
product damage, second-phase precipitation, etc. It is apparent
that the oxide fuels contain the alkali/transition metals/actinides/
lanthanides/noble gases with similar multiphase nanoprecipitates
(Fig. 1), where the new chemical compounds generate during
nuclear reactions involves absorption, agglomeration, clustering,
migration, release, and transport. Current predictive models on
these compositionally complex non-equilibrium procedures rely
mainly on the mean-field theories. A deeper understanding on
this matter with more experimental data would contribute to a
more complete and mechanistically based modeling of micro-
structural and microchemical evolution of heterogeneous nuclear
fuels under irradiation. Many fundamental mechanisms related to
damage formation, disordering, and amorphization in metal,
ceramics, alloy fuels require realistic models that could predict the
material’s behavior over their full range of length and time scales.
Capabilities of our data-driven, ML methods provide a view of the
materials with far higher statistical insights than standard X-ray
mapping methods are illustrated, and a computationally efficient
approach for handling the prodigious amounts of data generated
by potential automated mapping shown in Fig. 3. For instance,
this data collection pipeline and DL framework from this study
could acquire knowledge such as electronic structure from 4D
STEM, which would permit the development of realistic intera-
tomic potentials or for novel metals and their oxides and enable
large-scale atomistic simulations to provide the underpinning
mesoscale models of microstructural evolution. Upgrading the
current nuclear fuel characterization experiments with AI would
ultimately provide a fundamental basis for developing and pre-
dicting the behavior of advanced fuels with the potential for
outstanding fuel performance and in turn enable the design of
safer and more efficient nuclear energy systems. Moreover, for
atomic-scale STEM-EDS maps, future study can include uncer-
tainty quantification for compositional analysis shown in Fig. 6.
to dissociate the error in chemical maps from sample
preparation76.

Conclusion. In summary, we developed a high-quality ML-
enhanced microscopy method for applications in nuclear fuel
analysis. This approach was demonstrated on high-burnup spent
nuclear fuels, and it offers novel insights compared to the com-
mon notions on obscure nanostructures. Compared with the

conventional electron microscopy data collection, this advanced
augmented approach accelerates the pace of both post irradiation
examination characterization and analysis. It also reveals the
detailed nanoclusters with respect to the fission-product pre-
cipitates and Xe bubbles associated with the potential onset of the
HBS formation. This study highlights the data mining of pre-
cipitates chemistry and provides evidence of the ability to extract
segregation information from unknown precipitation clusters,
addressing the need for precise separation of the elements from
analytical spectroscopy for fission products. Based on the insights
from the abundance of materials informatics, it is beneficial to
leverage such methods to establish a database to reduce uncer-
tainty in fuel-performance modeling, which is also of great
importance to the numerous microscopy characterization efforts
in interdisciplinary research fields.

Methods
Materials pedigree and sample preparation. The high-burnup fuel specimens
were taken from fuel rods extracted from a 9 × 9 assembly of the Limerick-1 BWR
plant and 15 × 15 assembly of the H.B. Robinson Unit 2 PWR plant. Both fuel rods
experienced long-timescale irradiation and reached high-burnup states at low tem-
peratures, which is suitable for the study of HBS. The Limerick fuel rods were
irradiated for three cycles. The fuel rod for this study reached an average burnup of
approximately 56MWd kgU−1. The detailed fuel pin design, operation history, and
performance data are available in ref. 77. The H.B. Robinson fuel was from the E02
rod in assembly S-15H and exposed for seven cycles with an average burnup of
~72MWdkgU−1. The cladding materials are Zircaloy-4 for H.B. Robinson fuels and
Zicaloy-2 for Limerick fuels. The irradiation temperature range can be referred to the
power history shown in Supplementary Fig. S11. More details regarding fuel pin-
relevant characteristics can be found in the paper by Ruzauskas and Fardell78. The
sample slices were cross-sectioned along the axial direction from the pellets in the fuel
rod’s central region. The cross-section was fixed in conductive epoxy in a custom
aluminum mount and polished inside the hot cell of the Irradiated Fuels Examination
Laboratory at Oak Ridge National Laboratory (ORNL). A carbon layer of 5–10 nm
was coated on the final sample with a Cressington Scientific Instruments 108 carbon
deposition system.

Electron microscopy characterization. A Tescan MIRA3 GMH scanning electron
microscope equipped with an Oxford Instruments Symmetry electron backscatter
diffraction (EBSD) detector was used for EBSD and TKD scans. All the EBSD scans
were conducted using a 20 kV, 4 nA beam with a 0.05-μm step size at a working
distance of approximately 12mm at 70° stage tilt. EBSD camera settings were 2 × 2
binning (320 × 240 pixels), a gain setting of 13, 24–28ms of exposure time, and 64-
frame background collection. All the TKD scans were performed using a 20 kV, 2.5 nA
beam with a 10-nm step size for better spatial resolution in the submicron restructured
grains of the transition and HBS. The acquired EBSD maps were analyzed by the
EDAX Orientation Imaging Microscopy (OIM) v8 software and the Aztec 4.3 software
package, and indexed using a reference of UO2 (cubic, space group: Fm3m, No. 225).
Site-specific thin foils were lifted out based on the EBSD data using an FEI (now
Thermo Fisher Scientific) Quanta DualBeam FIB-SEM system for TKD, TEM, and
STEM analysis. The voltage and beam current were gradually reduced during thinning
of the TEM lamella, with a final cleaning of 5 keV and 27 pA to minimize the FIB-
induced ion beam damage and Ga contamination. In addition, Ga peaks have been
deconvolved from the spectral analysis. The TEM analysis utilized a 200 kV FEI Talos
F200X S/TEM with the four-detector SuperX EDS system. All the STEM-EDS spec-
trum-image (SI) maps were recorded using a probe current of ~0.8–1 nA and a sub-
nanometer size probe at full-width half-maximum (FWHM) over a 1024 × 1024 pixel
region.

Procedures for the machine-learning analysis. Each raw STEM-EDS SI map was
processed by the advanced unsupervised ML methods. The noise-filtered maps
generated by the low-rank description via ML are easier to interpret compared with
the raw SI data, which unbiasedly identifies small-scale features such as nanoclusters
and chemistry segregation79–82. The general ML steps include (1) convert noise scale
real space to Poisson space83,84 of the raw SI data, (2) perform SVD and PCA noise-
filtering on the chemistry, (3) return to real space, (4) re-orthogonalize, and (5)
perform matrix rotations83–86. Varimax must be applied to an orthonormal matrix, so
the images (spatial simplicity) or spectra (spectral simplicity) must all be magnitude 1
and mutually orthogonal. A simple factor-PCA method is then applied to recover a
re-orthogonalized PCA model83. Nonnegativity-constrained multivariate curve reso-
lution via the alternating least-squares algorithm87–90 was also applied to the spatial-
simplicity rotations on the optimally scaled PCA solutions. The custom Python script
and code flowchart followed the steps of the Keenan method79,80,83–86. All the data
were reconstructed with 4 × 4 (2 × 2 for Xe bubbles) binning in space and ×1 binning
in the spectrum between the energy range between 0.2 and 7.2 keV (intergranular Xe
bubbles up to 25 keV). The ultimate spatial resolution of the analyzed elemental maps
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is typically reduced in comparison to the native resolution of the acquired data. This is
highly dependent on the acquisition parameters of the data including electron probe
size and quality of the specimen, etc. The use of spatial and spectral binning is often
used to improve the local signal-to-noise over the binned region that results in a
reduction of spatial resolution and may also lead to a reduction in spectral detail. The
selection of the degree of binning that is appropriate for the data is chosen based upon
the quality of the data and the information contained within said data. Caution should
also be used to avoid analytical artifacts that are not representative of the data that may
arise due to over-interpretation/over-analysis. The standardless Cliff–Lorimer
method68 was used to quantify the atomic concentration of the metallic fission-product
precipitates. The X-ray peaks were determined via the NMF method61,62. Clustering
analysis was performed using an SVD42,91,92 for dimensionality reduction. The
k-means clustering algorithm42,92–95 was applied for identifying precipitate clusters.

Computational methods. The machine-learning algorithms can be categorized into
four steps. First, the acquired raw X-ray spectrum maps with the intensity I for each
location of pixel (x, y) over the energy bin E. The data cube can be formulated as I((x,
y)│E) with a size of total pixels (x∙y)= n total energy channelsm. This data cube then
can be converted to a matrix Dn∙m. This matrix contains counted photon data with
Poisson noise. To denoise this noisy data matrix due to the inherent low counting
from STEM-EDS, we can convert the D to D̂ with scaling factor F and H:83,96,97

D̂ ¼ FDH ð1Þ
After applying the scaling step, the heteroscedastic D becomes more homoscedastic

D̂. F is a diagonal matrix representing the square root of the inverse of the unfolded
mean image along the diagonal; H is also a diagonal matrix representing the square
root of the inverse of the unfolded mean spectrum along the diagonal. The combined
effect is to scale-down high peaks while scale-up low peaks, providing an amenable
heteroscedastic variance fitting for the machine-learning analysis. Kotula and
Benthem98 have also defined the boundary condition for extremely low counting rates
with the very sparse dataset, where the matrix F can be replaced by constant 1, and Eq.
(S1) (full scaling) turns into D̂ ¼ DH (spectral-only scaling) to reveal tiny signals from
the spectrum images. Then, we could apply step 2 of matrix decomposition with
reduced-rank model99 for matrix D̂ such as singular-value decomposition (SVD) and
principal component analysis (PCA).

D̂ � ULVT ð2Þ

where matrix U has a size of n∙k, diagonal matrix L has a size of k∙k, and matrix V has a
size of m∙k. U and V are mutual orthonormal with unit vector in each column, which
indicates they are orthogonal in the high-dimensional space. Each column of U
consists of abundance/spatial weighting of each component and each row of transpose
of V stores the associated endmember spectrum corresponding to that individual
component. That element associates with the associated singular value of the diagonal
of L. The PCA procedure can be applied equivalent to the SVD step. Here, we combine
the diagonal matrix L into one of the other factors U or V so that the eigenvalues of the
principal components can be obtained as the squares of the singular values in the
Poisson-noise-scaled space.

D̂ � ULVT ¼ ÂŜ
T ð3Þ

where Â and Ŝ denote the scores and loadings of the PCA, respectively. Depending on

the ambiguity of the intensity from the factor-analysis, either UL ¼ Â and VT ¼ Ŝ
T
or

U ¼ Â and LVT ¼ Ŝ
T
. Next, we need find the inverse of matrix Â and Ŝ. Considering

the singular matrix where orthogonality and orthonormality can be broken, a factor-
PCA (fPCA) algorithm is implemented into our Python code, where a re-
orthogonalized factor model has been generated55,85,86.

D � AST ¼ TPT ð4Þ
Here, a new matrix D has been obtained as the “re-orthogonalized solution”,

where T and P are re-orthogonalized basis. The last step is to examine the validity
of the new model, so-called Varimax criterion:100–102

D � TRð Þ R�1P
� �T ¼ eTeP

T ð5Þ

where R is a non-singular matrix. Varimax can simplifies the data interpretation so
that an orthogonal rotation RT ¼ R�1 can be found for matrix R. At a given pixel
or a single energy channel P, matrix R can rotate the abundance T or the
endmember P into a single component representing a strong value. Such simplicity
method can provide a relative significance measurement of each component
through a combination of diagonal elements PTP

� �
TTT
� �� �

or

eP
TeP

� �
eT
T eT

� �h i
103.

Regarding the data mining and informatics in Fig. 6, the clustering algorithms
are performed on the spectral-only data from the standardless Cliff–Lorimer
method68. First, the The k-means clustering algorithm divides a set of
compositional quantifications N samples X into K disjoint clusters C; the mean
variance known as inertia or within-cluster sum-of-squares can be described as the

minimization of inertia criterion below104:

∑
n

i¼0
min
μj2C

jjxi � μjjj2
� �

ð6Þ

The means are defined by cluster centroids in our large datasets of
compositional quantifications. This algorithm requires the number of clusters to be
specified. The selection of clusters can be referred to the elbow curve shown in
Supplementary Fig. S1. The followed-up PCA aims to reduce the dimensionality in
the case of very high-dimensional spaces where the Euclidean distances inflates. An
example of a sparse PCA method has been given here to solve the noisy STEM-EDS
quantification problem. For a given matrix X contains n rows of components in Rp,
the decomposition coefficient can be described through a linear combination as
matrix U and V. This decomposition procedure via PCA solution can then be
represented with an l1 penalty on the components105–107:

U�;V�ð Þ ¼ argmin
U ;V

0:5jjX � UV jj2Fro þ αjjVjj1;1 : subject tojjUkjj2 ≤ 1 for all 0≤ k≤ n

ð7Þ
where ‖∙‖Fro and ‖∙‖Fro stand for the Frobenius norm stands and the entry-wise
matrix norm (the sum of the absolute values of all the entries in the matrix),
respectively.

Data availability
Additional data and further information are available from the corresponding authors on
request.

Code availability
The computer code used in this study can be found in the GitHub repository (https://
github.com/keyoumao/ML_FUEL_CM_COMMSMAT).
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