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The DELTA 1.5-GeV electron accelerator facility (Fig.1), operated by the University of
Dortmund in Germany, provides an excellent testing environment for developing and
validating concepts of novel, machine learning (ML)-based control and optimization
methods. Successful implementations to date include a feed forward neural network
(FFNN)-based orbit correction method (1), as an alternative to the singular value
decomposition (SVD)-based approach, as well as NN-based feedback systems designed
to control the betatron tunes (2) and chromaticity values (3) of the 1.5-GeV electron
storage ring. Further more, machine learning algorithms have been employed to improve
the electron transfer rate (4) from the booster synchrotron to the storage ring (injection
efficiency, 4). Another use case is the application of convolutional, multilayer neural
networks (CNNs) to analyze radiation spectra produced by an experimental setup
utilizing the so-called coherent harmonic generation (CHG) principle (5).
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