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4.6. Synchrotron small-angle x-ray scattering (SAXS)—perspectives of ML
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Max Planck Institute of Colloids and Interfaces, Potsdam, Germany

Status

X-ray scattering and diffraction pertain to a major set of techniques to characterize the struc-
ture of materials at the nanoscale. SAXS, in particular, has been developed in the 1950s to
resolve structures in the size range 1–100 nm [194]. Despite the development of electron
microscopes some years later, it remained an important technique, mostly because x-rays are
less strongly absorbed than electrons, which allows for in-operando experiments, studying the
effect of physical stimuli, such as temperature, pH or humidity on material structure. A strong
boost in the use of small-angle scattering came with the availability of synchrotron radiation
that improved the time resolution of in-operando experiments, but also opened to possibility
to transform SAXS into a multiscale imaging tool. In this approach, the general idea is that
nanoscale information is extracted from analysing the scattering patterns, while mapping of
the specimens provides the information at the microscale (see figure 23). The first attempts
with SAXS-based imaging go back to the 1990s [195]. This evolved until the development of
SAXS tomography which yields six-dimensional data: three dimensions in real space through
scanning and rotating the specimen (typically with micrometre resolution), as well as three
additional dimensions from the scattering patterns within each voxel (containing nanoscale
information) [196, 197].

The enormous advance in the brilliance of x-ray beams, as well as in x-ray optics enables
not only the collection of multidimensional SAXS-tomography data but also the measurement
of massive numbers of specimens even within short times.

Current and future challenges

These advances upstream of the specimen in the experiment, however, lead to new challenges
downstream of the specimen, linked to the treatment and the evaluation of massive amounts
of data. A schematic of the workflow in a SAXS measurement is shown in figure 24. The
traditional way of conducting such an experiment would be the path symbolized by (A) and
(B) in this figure. (A) represents specimen preparation and the experiment planning and (B)
the data collection. These data would then be brought back from the synchrotron experiment
for treatment and analysis. However, with the increased speed of data collection, a general
challenge in this approach resides in the fact that the experimentalist is essentially blindwithout
some capabilities of data diagnostics. This requires elementary pre-analysis of the data to see
whether a modification of the beamline setup could improve the experiment. Recognizing this,
software packages involving fast data diagnostics were developed, an example being DPDAK,
an open code software introduced at the BESSY and the DESY synchrotrons (in Berlin and
Hamburg, respectively) [199].

With the amount of data collected in each beamtime session increasing continuously over
the years, a number of additional challenges appear from the fact that manual data treatment
becomes impossible. This applies to the cleaning of data (such as denoising, background sub-
traction, image reconstruction, normalization, etc) and even more to the data analysis, which
in SAXS often involves data fitting. These steps are indicated by the arrows (D) and (E) in
figure 24.
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Figure 23. Principle of scanning-SAXS imaging. The specimen (for example a tooth
section) is scanned across the x-ray beam with a diameter between tens of nanometres
and several micrometres. Parameters extracted from the scattering patterns can then be
mapped with a resolution corresponding to the x-ray beam diameter. In the figure, this
is the thickness of mineral particles in dentin (the star indicates an area with a caries
lesion). Reprinted from [198], Copyright (2010), with permission from Elsevier.

Advances in science and technology to meet challenges

Especially in SAXS tomography experiments, radiation damage should not be underestimated,
since every specimen position will be hit several times by an intensive x-ray beam due to the
required rotation of the specimen around multiple axes [197]. A typical strategy is then to
reduce the irradiation time, which inevitably increases the noise in the data. To avoid problems
with this noise in the 6D data reconstruction after the measurements, Zhou and coworkers
propose a ML algorithm for the denoising of scattering data [200]. This approach facilitates
step (D) in the diagram of figure 24.

The reconstruction of SAXS tomography data is equally challenging due to their high
dimensionality. A possible traditional approach consists in calculating invariants of the SAXS
data before reconstruction, which replaces the three-dimensional SAXS data by scalars that can
be reconstructed much more efficiently [201]. SAXS invariants are useful, since they contain
information about volume and surface of nano-size objects in the specimen [194] and allow,
for example, the calculation of particle sizes in bone or dentin [195, 198, 201]. In the last few
years, ML approaches are being developed for tomographic data reconstruction. Omori and
coworkers review these developments for tomography using SAXS but also x-ray diffraction
and other modalities [202]. While these advances relate to step (D) in figure 24, the review
also addresses ML approaches for segmentation and analysis of the reconstructed data [202]
(step (E) in figure 24).

Once data are reconstructed, every voxel in SAXS tomography data contains a scattering
pattern to be analysed. This means a massive effort for data analysis (step (E) in figure 24)
after reconstruction. Similar numbers of SAXS patterns need to be analysed in other situations,
for example when material structures are studied as function of physical parameters (temper-
ature, pressure, pH, humidity, etc) in multiple measurements. A recent review by Anker and
coworkers addresses ML approaches to analyse a range of synchrotron-based experiment data,
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Figure 24. Schematic workflow of a small-angle x-ray scattering experiment. The tra-
ditional approach would be characterized by the arrows (A) (experiment planning to
define the experiment setup) and (B) (data collection). With increasing data rates, sev-
eral feedback loops involving machine learning are beginning to improve the quality
and speed of the experiment: (C) is a readjustment of the experiment setup based on
rapid data diagnostics, (D) is data reduction and denoising, (E) is data analysis and (F)
automatic material synthesis based on the measurement results.

including SAXS but also powder diffraction, pair distribution function, inelastic neutron scat-
tering and x-ray absorption spectroscopy data. While the traditional approach would be to fit
a physical model to the data, supervised ML can be used to train a model for the prediction
of structure based on data, but also to predict the scattering data based on a known structure
and also to predict parameters based on some physical understanding of the system [203]. In
another recent work [204], a ML-based analysis of SAXS data is proposed, which is based on
Gaussian RFs that avoids the common model fitting of the data.

The approaches discussed until now are improving workflows in nearly all steps of SAXS
experimentation (step (C)–(E) in figure 24). A last step (F) potentially closes the loop towards
a fully automatized experimentation. This challenge is currently being taken up under the label
of Autonomous Experimentation. Beaucage and Martin report on the development of an open
liquid handling platform for autonomous formulation and x-ray scattering [205]. Yager and
coworkers review this new paradigm and show how autonomous x-ray scattering can enhance
efficiency and help discover new materials [206].

Concluding remarks

SAXS is an old method that is currently seeing an enormous increase in activity due to highly
brilliant x-ray sources, more performant x-ray optics and—most recently—rapid progress in
the treatment and the analysis of large amounts of data. As discussed above, several approaches
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have been developed addressing some of the steps in the workflow sketched in figure 23
through ML, but there are many more opportunities for applying such methods. Faster and,
therefore, more effective tools for online data diagnostics based on ML during the experiment
could bring a major improvement. Indeed, this has the potential to significantly reduce meas-
urement times and radiation damage on sensitive specimens by allowing dynamic experiment
planning. Moreover, better automatic tools for data cleaning, noise reduction, as well as to cor-
rect for background and instrumental resolution will be essential for high-throughput experi-
ments or tomographic measurements. Finally, there are further needs for combining physical
models withMLmethods in data fitting, a development whichmay require a wide-spread effort
in training relevant models for a variety of material classes. In conclusion,ML approaches have
an important role to play in many areas of synchrotron x-ray scattering and the developments
in this direction have only just begun.
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[154] Todorović M, Gutmann MU, Corander J and Rinke P 2019 Bayesian inference of atomistic struc-
ture in functional materials npj Comput. Mater. 5 35

[155] Curtarolo S et al 2012 AFLOW: an automatic framework for high-throughput materials discovery
Comput. Mater. Sci. 58 218–26

[156] Mathew K et al 2017 Atomate: a high-level interface to generate, execute, and analyze computa-
tional materials science workflows Comput. Mater. Sci. 139 140–52

[157] Pizzi G, Cepellotti A, Sabatini R, Marzari N and Kozinsky B 2016 AiiDA: automated interactive
infrastructure and database for computational science Comput. Mater. Sci. 111 218–30

[158] Foumani Z Z, Shishehbor M, Yousefpour A and Bostanabad R 2023 Multi-fidelity cost-aware
Bayesian optimization Comput. Methods Appl. Mech. Eng. 407 115937

[159] Purcell T A R, Scheffler M, Ghiringhelli L M and Carbogno C 2023 Accelerating materials-space
exploration for thermal insulators by mapping materials properties via artificial intelligence npj
Comput. Mater. 9 112

[160] Kalinin S V et al 2022 Machine learning in scanning transmission electron microscopy Nat. Rev.
Methods Primers 2 11

[161] Spurgeon S R et al 2021 Towards data-driven next-generation transmission electron microscopy
Nat. Mater. 20 274–9

[162] Jesse S, Chi M, Belianinov A, Beekman C, Kalinin S V, Borisevich A Y and Lupini A R 2016 Big
data analytics for scanning transmission electron microscopy ptychography Sci. Rep. 6 1–8

[163] Cautaerts N, Crout P, Ånes H W, Prestat E, Jeong J, Dehm G and Liebscher C H 2022 Free,
flexible and fast: orientation mapping using the multi-core and GPU-accelerated template
matching capabilities in the Python-based open source 4D-STEM analysis toolbox Pyxem
Ultramicroscopy 237 113517

[164] Leitherer A, Yeo B C, Liebscher C H and Ghiringhelli L M 2023 Automatic identification of crys-
tal structures and interfaces via artificial-intelligence-based electron microscopy npj Comput.
Mater. 9 179

[165] Yin W et al 2020 A petascale automated imaging pipeline for mapping neuronal circuits with
high-throughput transmission electron microscopy Nat. Commun. 11 1–12

[166] Mukherjee D et al 2022 A roadmap for edge computing enabled automated multidimensional
transmission electron microscopyMicros. Today 30 10–19

[167] Treder K P, Huang C, Kim J S and Kirkland A I 2022 Applications of deep learning in electron
microscopyMicroscopy 71 i100–15

88

https://doi.org/10.1126/sciadv.adg7992
https://doi.org/10.1126/sciadv.adg7992
https://doi.org/10.48550/arXiv.2402.00691
https://doi.org/10.1002/aenm.201200593
https://doi.org/10.1002/aenm.201200593
https://doi.org/10.1039/D1EE00559F
https://doi.org/10.1039/D1EE00559F
https://doi.org/10.1038/nrd941
https://doi.org/10.1038/nrd941
https://doi.org/10.1038/s41586-023-06735-9
https://doi.org/10.1038/s41586-023-06735-9
https://doi.org/10.1038/s41597-021-00974-z
https://doi.org/10.1038/s41597-021-00974-z
https://doi.org/10.1146/annurev-matsci-070214-020823
https://doi.org/10.1146/annurev-matsci-070214-020823
https://doi.org/10.1038/s41467-023-42992-y
https://doi.org/10.1038/s41467-023-42992-y
https://doi.org/10.1063/5.0138913
https://doi.org/10.1063/5.0138913
https://doi.org/10.1038/s41524-019-0175-2
https://doi.org/10.1038/s41524-019-0175-2
https://doi.org/10.1016/j.commatsci.2012.02.005
https://doi.org/10.1016/j.commatsci.2012.02.005
https://doi.org/10.1016/j.commatsci.2017.07.030
https://doi.org/10.1016/j.commatsci.2017.07.030
https://doi.org/10.1016/j.commatsci.2015.09.013
https://doi.org/10.1016/j.commatsci.2015.09.013
https://doi.org/10.1016/j.cma.2023.115937
https://doi.org/10.1016/j.cma.2023.115937
https://doi.org/10.1038/s41524-023-01063-y
https://doi.org/10.1038/s41524-023-01063-y
https://doi.org/10.1038/s43586-022-00095-w
https://doi.org/10.1038/s43586-022-00095-w
https://doi.org/10.1038/s41563-020-00833-z
https://doi.org/10.1038/s41563-020-00833-z
https://doi.org/10.1038/srep26348
https://doi.org/10.1038/srep26348
https://doi.org/10.1016/j.ultramic.2022.113517
https://doi.org/10.1016/j.ultramic.2022.113517
https://doi.org/10.1038/s41524-023-01133-1
https://doi.org/10.1038/s41524-023-01133-1
https://doi.org/10.1038/s41467-020-18659-3
https://doi.org/10.1038/s41467-020-18659-3
https://doi.org/10.1017/S1551929522001286
https://doi.org/10.1017/S1551929522001286
https://doi.org/10.1093/jmicro/dfab043
https://doi.org/10.1093/jmicro/dfab043


Modelling Simul. Mater. Sci. Eng. 32 (2024) 063301 Roadmap

[168] Madsen J, Liu P, Kling J, Wagner J B, Hansen TW,Winther O and Schiøtz J 2018 A deep learning
approach to identify local structures in atomic-resolution transmission electron microscopy
images Adv. Theory Simul. 1 1800037

[169] Botifoll M, Pinto-Huguet I and Arbiol J 2022 Machine learning in electron microscopy for
advanced nanocharacterization: current developments, available tools and future outlook
Nanoscale Horiz. 7 1427–77

[170] Friedrich T, Yu C-P, Verbeeck J and Van Aert S 2023 Phase object reconstruction for 4D-STEM
using deep learning Microsc. Microanal. 29 395–407

[171] Wang F, Eljarrat A, Müller J, Henninen T R, Erni R and Koch C T 2020 Multi-resolution convo-
lutional neural networks for inverse problems Sci. Rep. 10 5730

[172] Ziatdinov M, Dyck O, Maksov A, Li X, Sang X, Xiao K, Unocic R R, Vasudevan R, Jesse S and
Kalinin S V 2017 Deep learning of atomically resolved scanning transmission electron micro-
scopy images: chemical identification and tracking local transformations ACS Nano 11 12742–
52

[173] Munshi J, Rakowski A, SavitzkyBH, Zeltmann SE, Ciston J, HendersonM, Cholia S,MinorAM,
Chan M K Y and Ophus C 2022 Disentangling multiple scattering with deep learning: applic-
ation to strain mapping from electron diffraction patterns npj Comput. Mater. 8 254

[174] Bertoni G, Rotunno E, Marsmans D, Tiemeijer P, Tavabi A H, Dunin-Borkowski R E and Grillo V
2023 Near-real-time diagnosis of electron optical phase aberrations in scanning transmission
electron microscopy using an artificial neural network Ultramicroscopy 245 113663

[175] Schloz M, Müller J, Pekin T C, Van den Broek W, Madsen J, Susi T and Koch C T 2023 Deep
reinforcement learning for data-driven adaptive scanning in ptychography Sci. Rep. 13 8732

[176] Gladyshev A, Schloz M, Pekin T C and Koch C T 2022 Comparison of compression methods for
ptychographic reconstructions through decomposition of the diffraction patterns in orthonormal
bases Microsc. Microanal. 28 394–7

[177] Gault B, Chiaramonti A, Cojocaru-Mirédin O, Stender P, Dubosq R, Freysoldt C, Makineni S K,
Li T, Moody M and Cairney J M 2021 Atom probe tomography Nat. Rev. Method Primers 1 51

[178] Marquis E A and Hyde J M 2010 Applications of atom-probe tomography to the characterisation
of solute behavioursMater. Sci. Eng. R 69 37–62

[179] Haley D, London A J and Moody M P 2020 Processing APT spectral backgrounds for improved
quantification Microsc. Microanal. 26 964–77

[180] Meier M S, Bagot P A J, Moody M P and Haley D 2023 Large-scale atom probe tomography data
mining: methods and application to inform hydrogen behaviorMicrosc. Microanal. 29 879–89

[181] Li Y, Zhou X, Colnaghi T, Wei Y, Marek A, Li H, Bauer S, Rampp M and Stephenson L T 2021
Convolutional neural network-assisted recognition of nanoscale L12 ordered structures in face-
centred cubic alloys npj Comput. Mater. 7 1–9

[182] Wei Y et al 2021 Machine-learning-enhanced time-of-flight mass spectrometry analysis Patterns
2 100192

[183] Li Y et al 2023Quantitative three-dimensional imaging of chemical short-range order via machine
learning enhanced atom probe tomography Nat. Commun. 14 7410

[184] Kühbach M, Bajaj P, Zhao H, Çelik M HMH, Jägle E A and Gault B 2021 On strong-scaling and
open-source tools for analyzing atom probe tomography data npj Comput. Mater. 7 1–10

[185] Humphreys J, Lan R and Tao S 2020 Development and recent progress on ammonia synthesis
catalysts for Haber–Bosch process Adv. Energy Sustain. Res. 2 2000043

[186] Foster S L, Bakovic S I P, Duda R D, Maheshwari S, Milton R D, Minteer S D, Janik M J,
Renner J N and Greenlee L F 2018 Catalysts for nitrogen reduction to ammonia Nat. Catal.
1 490–500

[187] Li H, Jiao Y, Davey K and Qiao S 2023 Data-driven machine learning for understanding surface
structures of heterogeneous catalysts Angew. Chem. 135 e202216383

[188] Burger B et al 2020 A mobile robotic chemist Nature 583 237–41
[189] Mou T, Pillai H S, Wang S, Wan M, Han X, Schweitzer N M, Che F and Xin H 2023 Bridging the

complexity gap in computational heterogeneous catalysis with machine learning Nat. Catal.
6 122–36

[190] Margraf J T, Jung H-W, Scheurer C and Reuter K 2023 Exploring catalytic reaction networks with
machine learning Nat. Catal. 6 112–21

[191] Taniike T and Takahashi K 2023 The value of negative results in data-driven catalysis research
Nat. Catal. 6 108–11

89

https://doi.org/10.1002/adts.201800037
https://doi.org/10.1002/adts.201800037
https://doi.org/10.1039/d2nh00377e
https://doi.org/10.1039/d2nh00377e
https://doi.org/10.1093/micmic/ozac002
https://doi.org/10.1093/micmic/ozac002
https://doi.org/10.1038/s41598-020-62484-z
https://doi.org/10.1038/s41598-020-62484-z
https://doi.org/10.1021/acsnano.7b07504
https://doi.org/10.1021/acsnano.7b07504
https://doi.org/10.1021/acsnano.7b07504
https://doi.org/10.1038/s41524-022-00939-9
https://doi.org/10.1038/s41524-022-00939-9
https://doi.org/10.1016/j.ultramic.2022.113663
https://doi.org/10.1016/j.ultramic.2022.113663
https://doi.org/10.1038/s41598-023-35740-1
https://doi.org/10.1038/s41598-023-35740-1
https://doi.org/10.1017/S1431927622002306
https://doi.org/10.1017/S1431927622002306
https://doi.org/10.1038/s43586-021-00047-w
https://doi.org/10.1038/s43586-021-00047-w
https://doi.org/10.1016/j.mser.2010.05.001
https://doi.org/10.1016/j.mser.2010.05.001
https://doi.org/10.1017/S1431927620024290
https://doi.org/10.1017/S1431927620024290
https://doi.org/10.1093/micmic/ozad027
https://doi.org/10.1093/micmic/ozad027
https://doi.org/10.1038/s41524-020-00472-7
https://doi.org/10.1038/s41524-020-00472-7
https://doi.org/10.1016/j.patter.2020.100192
https://doi.org/10.1016/j.patter.2020.100192
https://doi.org/10.1038/s41467-023-43314-y
https://doi.org/10.1038/s41467-023-43314-y
https://doi.org/10.1038/s41524-020-00486-1
https://doi.org/10.1038/s41524-020-00486-1
https://doi.org/10.1002/aesr.202000043
https://doi.org/10.1002/aesr.202000043
https://doi.org/10.1038/s41929-018-0092-7
https://doi.org/10.1038/s41929-018-0092-7
https://doi.org/10.1002/ange.202216383
https://doi.org/10.1002/ange.202216383
https://doi.org/10.1038/s41586-020-2442-2
https://doi.org/10.1038/s41586-020-2442-2
https://doi.org/10.1038/s41929-023-00911-w
https://doi.org/10.1038/s41929-023-00911-w
https://doi.org/10.1038/s41929-022-00896-y
https://doi.org/10.1038/s41929-022-00896-y
https://doi.org/10.1038/s41929-023-00920-9
https://doi.org/10.1038/s41929-023-00920-9


Modelling Simul. Mater. Sci. Eng. 32 (2024) 063301 Roadmap

[192] Chanussot L et al 2021 Open catalyst 2020 (OC20) dataset and community challenges ACS Catal.
11 6059–72

[193] Tran R et al 2023 The open catalyst 2022 (OC22) dataset and challenges for oxide electrocatalysts
ACS Catal. 13 3066–84

[194] Guinier A and Fournet G 1955 Small-Angle Scattering of X-Rays (Wiley)
[195] Fratzl P, Jakob H F, Rinnerthaler S, Roschger P and Klaushofer K 1997 Position-resolved small-

angle x-ray scattering of complex biological materials J. Appl. Crystallogr. 30 765–9
[196] Liebi M, Georgiadis M, Menzel A, Schneider P, Kohlbrecher J, Bunk O and Guizar-Sicairos M

2015 Nanostructure surveys of macroscopic specimens by small-angle scattering tensor tomo-
graphy Nature 527 349

[197] Schaff F, Bech M, Zaslansky P, Jud C, Liebi M, Guizar-Sicairos M and Pfeiffer F 2015
Six-dimensional real and reciprocal space small-angle x-ray scattering tomography Nature
527 353–8

[198] Märten A, Fratzl P, Paris O and Zaslansky P 2010 On the mineral in collagen of human crown
dentine Biomaterials 31 5479–90

[199] Benecke G et al 2014 A customizable software for fast reduction and analysis of large x-ray
scattering data sets: applications of the new DPDAK package to small-angle x-ray scattering
and grazing-incidence small-angle x-ray scattering J. Appl. Crystallogr. 47 1797–803

[200] Zhou Z et al 2023 A machine learning model for textured x-ray scattering and diffraction image
denoising npj Comput. Mater. 9 58

[201] De Falco P et al 2021 Tomographic x-ray scattering based on invariant reconstruction: analysis of
the 3D nanostructure of bovine bone J. Appl. Crystallogr. 54 486–97

[202] Omori N E, Bobitan A D, Vamvakeros A, Beale A M and Jacques S D M 2023 Recent develop-
ments in x-ray diffraction/scattering computed tomography for materials science Phil. Trans.
R. Soc. A 381 20220350

[203] Anker A S, Butler K T, Selvan R and Jensen K M O 2023 Machine learning for analysis of exper-
imental scattering and spectroscopy data in materials chemistry Chem. Sci. 14 14003–19

[204] Röding M, Tomaszewski P, Yu S, Borg M and Rönnols J 2022 Machine learning-accelerated
small-angle x-ray scattering analysis of disordered two- and three-phasematerialsFront. Mater.
9 956839

[205] Beaucage P A and Martin T B 2023 The autonomous formulation laboratory: an open liquid
handling platform for formulation discovery using x-ray and neutron scattering Chem. Mater.
35 846–52

[206] Yager K G, Majewski P W, Noack M M and Fukuto M 2023 Autonomous x-ray scattering
Nanotechnology 34 322001

[207] Ouyang R, Curtarolo S, Ahmetcik E, Scheffler M and Ghiringhelli L M 2018 SISSO: a
compressed-sensing method for identifying the best low-dimensional descriptor in an immens-
ity of offered candidates Phys. Rev. Mater. 2 083802

[208] Purcell T A R, Scheffler M, Carbogno C and Ghiringhelli L M 2022 SISSO++: a C++ imple-
mentation of the sure-independence screening and sparsifying operator approach J. Open
Source Softw. 7 3960

[209] Cairney J M, Rajan K, Haley D, Gault B, Bagot P A J, Choi P-P, Felfer P J, Ringer S P,
Marceau R K W and Moody M P 2015 Mining information from atom probe data
Ultramicroscopy 159 324–37

90

https://doi.org/10.1021/acscatal.0c04525
https://doi.org/10.1021/acscatal.0c04525
https://doi.org/10.1021/acscatal.2c05426
https://doi.org/10.1021/acscatal.2c05426
https://doi.org/10.1107/S0021889897001775
https://doi.org/10.1107/S0021889897001775
https://doi.org/10.1038/nature16056
https://doi.org/10.1038/nature16056
https://doi.org/10.1038/nature16060
https://doi.org/10.1038/nature16060
https://doi.org/10.1016/j.biomaterials.2010.03.030
https://doi.org/10.1016/j.biomaterials.2010.03.030
https://doi.org/10.1107/S1600576714019773
https://doi.org/10.1107/S1600576714019773
https://doi.org/10.1038/s41524-023-01011-w
https://doi.org/10.1038/s41524-023-01011-w
https://doi.org/10.1107/S1600576721000881
https://doi.org/10.1107/S1600576721000881
https://doi.org/10.1098/rsta.2022.0350
https://doi.org/10.1098/rsta.2022.0350
https://doi.org/10.1039/D3SC05081E
https://doi.org/10.1039/D3SC05081E
https://doi.org/10.3389/fmats.2022.956839
https://doi.org/10.3389/fmats.2022.956839
https://doi.org/10.1021/acs.chemmater.2c03118
https://doi.org/10.1021/acs.chemmater.2c03118
https://doi.org/10.1088/1361-6528/acd25a
https://doi.org/10.1088/1361-6528/acd25a
https://doi.org/10.1103/physrevmaterials.2.083802
https://doi.org/10.1103/physrevmaterials.2.083802
https://doi.org/10.21105/joss.03960
https://doi.org/10.21105/joss.03960
https://doi.org/10.1016/j.ultramic.2015.05.006
https://doi.org/10.1016/j.ultramic.2015.05.006

