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4.6. Synchrotron small-angle x-ray scattering (SAXS)—perspectives of ML
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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 blind without
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 with ML methods in data fitting, a development which may 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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