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Introduction

e Plasma zoology
o Unclear distinctions
o ITER mode optimization

e (Categorization
o Human fallibility
o Machine learning applications



Background: Plasma Modes

e Quiescent high confinement e Negative triangularity mode
mode (QH mode) (Neg-D)
o Wide pedestal o Inner wall limited
o  Super-H o Diverted
o ITER baseline scenario e Low confinement mode (|_
© Unspecmec.zl | mode)
® Resonant magnetic perturbation o Improved confinement
(RMP mode) o  Enhanced D-Alpha
o ITER steady state o High power
o ITER baseline scenario o Standard

o Unspecified o Inner wall limited

e Edge localized mode (ELM)



Background: Machine Learning Models

e Tree classification
o Decision Tree
o Random Forest
o  Extreme Trees
o  Extra Trees

e Other classifiers

o  Gradient Boosting

o Bagging

o Gaussian Naive Bayes

o Quadratic Discriminant Analysis

e Stacking ensemble
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e Data
o Hand-classified database
o  Single mode shots
o Signals: g0, g95, BN, toroid B field strength, upper & lower triangularity, 130 coil current,
topology
o 190 data points
e Model selection
Tested 41 models on 80-20 train-test split
Eliminated low performance and failed convergence models
Tested different ensemble configurations
o  Selected highest performance ensemble

e Class imbalance problem

o O O

o GAN
0 o ADASYN
o SMOTE
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Results

True Positive Distribution in Testing Dataset
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Results

Precision and Recall for ALl Modes
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Percentage of Total Misclassifications
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Figure 3.



Appl ications Average MSE by Mode
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Discussion & Conclusions

e Implications
o  High recognition of some modes
o Overidentification of ELMing modes
o  Confusion in L modes in QH modes

e [uture research

o Expand database
o Include more features
o Refine hyperparameters



Questions?
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Thank you for listening!
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Selection Process: Model with Topology Features
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