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Report:

In recent years, X-ray scattering has received a significant boost due to the increased use of machine learning
strategies in the analysis of data acquired at synchrotron sources. This experiment contributed to the use of
online data analysis in XRR at the ESRF. However, the tested approach is well suited for a broader range of in
situ and in operando experiments for processes in dynamic equilibrium where the information extracted from
the scattering data itself can be used to stabilize the equilibrium.

The full analysis of the results produced in this exeriment is available in [1-3], including a public dataset
released in the ESRF data catalog before the end of the embargo period. The project was realized in close
collaboration with DAPHNE4NFDI [4].

Description of the experiment:

We leveraged ML based real-time data analysis for XRR integrated into the ID10 beamline environment. As a
proof-of-concept, we grew organic molecular thin films of Alq3 (C27HI18AIN303) and PTCDI-C8 (N,N'-
dioctyl-3,4,9,10-perylene tetracarboxylic diimide). The growth was monitored with X-ray reflectivity and we
established a closed loop between real-time data acquisition, ML-based online data analysis and the sample
environment to tailor the deposition process of organic thin films on the molecular monolayer level. Through a
strong integration via TANGO and BLISS all ML-based fit results are saved together with raw data in the
dataset published in the ESRF data catalogue.

Results:

There are main results from this experiment. First there are technical (software) designs how user developed
mashine learning (ML) code [1,3,5] can be integrated into existing beamline infrastructure (Fig. 1). In this
context we focused on the perspective of visiting facility users and strategies to provide an elementary data
analysis in real time during the experiment without introducing the additional software dependencies in the



beamline control software environment. A closed loop feedback system based on real time data analysis was
put in place.
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Second, beyond the engeneering level, there are the actual results produced using our ML code and the
corresponding integration into a closed loop feedback configuration. In Fig. 2 expemplary fits using the real
time (online) data anaysis are shown. Here we successfully grew molecular thin films of predefined thickness,
where the ML-based closed loop took control over the termination of the growth process by closing the
relevant deposition shutter of the growh chamber.
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Fig2: ML based online data analysis of XRR measurements for a single molecular layer on top of Si (left) and
crystalline multilayer structure with Bragg peak (right). Figures taken from [1]
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