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Objective | Background Artificial Intelligence: Neural Networks

Objective: Use artificial intelligence / machine learning in What is a neural network? Biologically Inspired
combination with subsurface thermocouple (TC) «Emulates the human brain i

measurements to validate the heat flux profile incident upon *Basic unit called ‘perceptron’ %k,,,,

- : *Supervised Learning - (Wl
NSTX-U divertor tiles. —Engineer trains the system by showing it training ’“ﬁ

Castellated NSTX-U Tiles examples | |
* System Is never taught analytical model. Instead, it JPvinhtuetetetpi it
Castellated Design Section View

derives it on its own through observation :

Convolution Neural Network (CNN) Results

*CNN achieves high precision heat flux profile predictions

* System has been trained on over 8500 simulated NSTX-U shots
*CNN can predict in any operational space of tokamak
*Prediction Latency ~100ms

* Algorithm Is robust against potential noise sources

*CNN can be ported over to other diagnostics

Some Prediction Examples What About Noisy Data?

* Objective function maximization
*Can learn any multivariate nonlinear model
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