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A disruption prediction algorithm, developed using machine learning, runs in real time in the
DIII-D plasma control system (PCS), and accurately predicts impending major disruptions
with several hundred milliseconds warning time, while also having a very low rate of false
alarms. The algorithm is based on the Random Forests machine learning method, and has
been developed starting from an extensive database of more than 10000 DIII-D discharges,
both disruptive and non-disruptive ones. The algorithm uses 9 plasma parameters that are
derived from several real time diagnostic signals and real time EFIT equilibrium
reconstructions, which are provided by the PCS on a cycle time of 250 µs. Most of the
parameters are dimensionless (e.g. li, βp, …) or cast in a dimensionless form (e.g. n/nG,
Bpn=1/Btor …), which facilitates multi-machine analyses. The prediction algorithm was trained
on all types of major disruptions occurring during the flattop phase, without differentiation
by cause, and the initial results do indeed show good success at recognizing multiple types
of major disruptions during the flattop, and even during the rampdown phase of discharges.
A reliable prediction warning time of several hundred milliseconds allows, at least
conceptually, for the possibility of actively avoiding an impending disruption, if the specific
cause(s) of the disruption can be identified, and if control ‘knobs’ exist to modify the
identified cause(s). However, although Artificial Intelligence (AI) methods can accurately
make predictions, it is not well-understood how to determine which input features are
responsible for the output prediction. Determining how to do this is currently a high-priority
topic of AI research, which we are now pursuing in order to effectively close the disruption
avoidance control loop.
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