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Introduction

= Fast and reliable reconstruction of X-ray and neutron emissivity of fusion plasmas can enable real-time

monitoring of essential parameters: electron and ion temperature, impurity concentration, fuel ion ratio, etc. : Tomo g rap hy attem ptS Wit h convo I ution al networ kS (CN N)

= Machine learning methods - in particular evolutionary algorithms (e.g. genetic algorithms, GA) and artificial
neural networks (NNs) — are valuable for this purpose.

= This contribution highlights the following recent efforts and results:

= We investigate CNN to solve the inverse problem for X-ray tomographic reconstruction of plasma emissivity.
= Since convolutional layers are adapted to image processing, such architecture has been implemented for the SXR
tomographic system and compared with traditional Tikhonov regularization and FC-NN.

(1) Combining GA with custom Monte-Carlo (MC) code to optimize the design and performance of : = \ery promising results were obtained, in particular lower reconstruction error and higher spatial resolution than
diagnostic systems for tokamak plasmas; FC-NN with a computing time still several order of magnitude lower than Tikhonov regularization.
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_ e plasma core (a_l crucial in ormation to control the radiated power), using a large : SRSV - Input layer: 1 node per line-integrated
experimental training set from multiple diagnostics; td\ fesiune maps ... Mmeasurement;
(3) Applying convolutional NNs to solve the inverse problem for X-ray tomographic reconstruction of the : M | - Fully connected layers: two dense layers of size
tokamak plasma emissivity field — essential to monitor impurity distribution and asymmetries. ST e | 1| 2535 output reshaped to 3D tensor of shape

: N ] 15%13x13 (15 feature maps of size 13x13);

- Transposed convolutions: 2 layers, upsampled to
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- - - = Training performed with hundreds of synthetic phantoms (gaussian, hollow, peaked, asymmetric, banana shapes, etc.
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| Fig 5. Structure of Convolutional Neural Network (CNN)

e Combined Genetic Algorithm (GA) and customized Monte-Carlo (MC) code were used to optimize design and performance
of tokamak diagnostic systems. The study focuses on a thin-foil proton-recoil (TPR) system for neutron spectroscopy,
Involving intensive computations in the GA-MC framework and its validation with GEANT4 toolKit.

 GA-MC approach well-adapted to multi-dimensional optimization problem and to quantify trade-off between geometrical
parameters (e.g. converter thickness, detector dimensions) to optimize both detection efficiency and energy resolution.
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Motivation

random

= Fully-connected NNs were used to automate reconstruction of tungsten impurity concentration c,, and distribution in
WEST plasma core, using large experimental training database from multiple diagnostics.

= Parametrization of W profile has been introduced in the analysis, and NN approach validated for several WEST discharges
based on forward modelling.

= |t showed good consistency and reduction of computing time by orders of magnitude.
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