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Résume

Cette these présente le développement de techniques avancées basées sur les don-
nées pour automatiser la détection et la classification des modes plasma dans les
expériences de fusion, en se concentrant particulierement sur les instabilités d’Alfvén
et les modes magnétohydrodynamiques (MHD).

La premiére contribution de ce travail est le développement d’un algorithme de
codage parcimonieux capable d’identifier des modes directement a partir des signaux
bruts du plasma. Cette méthode, appelée “Elastic Random Mode Decomposition”,
applique une régression en réseau élastique parallélisée a des dictionnaires aléatoires
d’atomes de Gabor. Cet algorithme isole les composantes oscillatoires significatives,
meéme dans des signaux bruités.

De plus, des techniques d’apprentissage non supervisé sont utilisées pour regrouper
les modes MHD en se basant sur les signaux plasma et I'information mutuelle, per-
mettant la classification automatique de différents modes oscillatoires sans nécessiter
de données étiquetées. Ces étapes de création de caractéristiques et ces méthodes
de regroupement offrent une solution évolutive pour traiter de grands ensembles de
données issus des expériences de fusion, permettant d’'identifier systématiquement
les instabilités plasma importantes.

La these explore également des méthodes de filtrage en vision par ordinateur pour
I'extraction de caractéristiques a partir d'images de spectrogrammes. Ces filtres
reposent sur I'analyse spectrale : transformée de Fourier, transformée en ondelettes et
transformée de Hough. Ils améliorent la qualité des données de spectrogrammes en
réduisant le bruit et les caractéristiques indésirables, améliorant ainsi les structures
temporelles et fréquentielles liées aux oscillations du plasma.

En outre, des algorithmes de segmentation couramment utilisés en vision par ordi-
nateur sont adaptés pour identifier les modes dans les images de spectrogrammes,
permettant une segmentation précise des motifs oscillatoires. Le flux d’algorithmes
de vision par ordinateur pour la segmentation est le suivant : des filtres de bruit, un
détecteur de crétes, un seuillage automatique et I'étiquetage des régions.

Ce résultat pourrait étre déterminant pour I'étiquetage systématique des signaux,
une étape cruciale vers 'automatisation de I'étiquetage des signaux diagnostiques du
plasma. Les méthodes développées ici constituent une étape nécessaire pour la for-
mation future de modeéles d’apprentissage profond, qui pourraient encore améliorer
la surveillance et le controle en temps réel du plasma dans les réacteurs de fusion.

Mots clés : modes MHD, instabilités d’Alfvén, apprentissage automatique, parci-
monieux, réseau élastique, atomes de Gabor, analyse de signaux, apprentissage non
supervisé, vision par ordinateur, segmentation, étiquetage.
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Abstract

This thesis presents the development of advanced data-driven techniques to automate
the detection and classification of plasma modes in fusion experiments, focusing
particularly on Alfvén instabilities and magnetohydrodynamic (MHD) modes.

The first contribution of this work is the development of a sparse coding algorithm
capable of identifying modes directly from raw plasma signals. This method called
Elastic Random Mode Decomposition applies parallelized elastic net regression to
random dictionaries of Gabor atoms, this algorithm isolates significant oscillatory
components, even with noisy signals.

In addition, unsupervised learning techniques are employed to cluster MHD modes
using plasma signals and mutual information, enabling the automatic classification
of different oscillatory modes without needing labeled data. These feature creation
steps and clustering methods offer a scalable solution for processing large datasets
from fusion experiments, allowing for systematically identifying important plasma
instabilities.

The thesis also explores computer vision filtering methods for feature extraction
from spectrogram images. These filters are based on spectral analysis: Fourier trans-
form, wavelet transform, and Hough transform. They improve the quality of the spec-
trogram data by reducing noise and undesired features, enhancing time frequency
structures related to the plasma oscillations.

Furthermore, segmentation algorithms commonly used in computer vision (CV) are
adapted to identify modes in spectrogram images, enabling precise segmentation of
oscillatory patterns. The pipeline of CV algorithms for segmentation is the following:
noise filters, ridge detector, automatic thresholding, and labeling regions.

This result might be key for systematic signal labeling, a crucial step toward au-
tomating the labeling of plasma diagnostic signals. The methods developed here
provide a necessary step for future training of deep learning models, which could
further enhance real-time plasma monitoring and control in fusion reactors.

Key words: MHD modes, Alfvén instabilities, machine learning, sparse, elastic net,
Gabor atoms, signal analysis, unsupervised learning, computer vision, segmentation,
labelling.
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Résume de la These

Introduction

Cette these explore 'application des techniques d’apprentissage automatique, d’analyse
de signaux et de vision par ordinateur a la détection et a la caractérisation non super-
visée des modes plasma dans les expériences de fusion nucléaire, en mettant I’accent
sur les instabilités d’Alfvén.

Le travail est structuré en trois blocs thématiques. Les deux premiers chapitres
sont introductifs et offrent une vue d’ensemble des concepts de base de la fusion et
de I'apprentissage automatique. Les chapitres 3 et 4 examinent ’apprentissage non
supervisé des motifs MHD a travers le regroupement et le codage parcimonieux. Les
chapitres 5 et 6 se concentrent sur |'utilisation de I'analyse spectrale et de la vision par
ordinateur pour détecter les modes MHD.

Chapitre 1 : Physique de la fusion

L'énergie de la fusion nucléaire est le produit de la réaction entre deux noyaux iso-
topiques différents de ’hydrogene : le deutérium (D) et le tritium (T). Le processus
nucléaire se termine par la fusion des deux isotopes, ce qui entraine la formation
d’isotopes d’hélium (He) et la libération de neutrons. La réaction nucléaire peut étre
représentée comme suit :

D(H) + T GH) — 5He(3.5MeV) + jn(14.1MeV). (0.1)

La différence de masse entre les réactifs et les produits est convertie en énergie
cinétique pure, E = mc?. Lénergie cinétique est répartie entre les particules alpha
(noyaux d'He) et les neutrons, 3,5 MeV pour chaque particule alpha et 14,1 MeV pour
chaque neutron.

Les densités, températures et temps de confinement nécessaires pour que la réac-
tion de fusion ait lieu sont définis par le critere de Lawson, qui pour la réaction D-T,
s’exprime sous la forme d’un produit triple [WC11] :

nTtg=3x 10! m~3keVs, (0.2)

ol n est la densité du plasma (en particules par metre cube), T est la température
du plasma (en keV) et 7 est le temps de confinement d’énergie (en secondes). Aux
températures et densités requises pour la fusion, le combustible se trouve a I’état de
plasma, un état de la matiere ou les électrons sont séparés des noyaux. Le plasma



est confiné par des champs magnétiques dans des dispositifs appelés tokamaks ou
stellarators.

Les fréquences caractéristiques des ondes MHD sont comparables a la fréquence
de précession des ions confinés. Cela est important car une onde peut gagner de
I’énergie grace a I'interaction avec des particules énergétiques. Si une perturbation
dispose d’énergie pour croitre, une instabilité peut apparaitre et conduire a une perte
de confinement. L'une des instabilités les plus courantes dans les plasmas de fusion
sont les ondes d’Alfvén, qui sont des ondes MHD se propageant le long des lignes
de champ magnétique. La détection de ces ondes est essentielle pour le contréle du
plasma.

La vitesse d’Alfvén est proportionnelle au champ magnétique B, et inversement
proportionnelle a la racine carrée de la densité de masse du plasma )_ n;m;. Lorsque
le plasma est composé d’especes avec le méme rapport charge/masse, la densité de
masse [Hei08] est proportionnelle a la densité électronique, V4 < B/,/n,.. Dans ces
cas, en substituant dans la relation de dispersion, nous obtenons :

B 1
x

Vie  VTe
Cette équation nous permet de distinguer les modes d’Alfvén des autres ondes plasma,
car ils sont fortement corrélés avec le signal de diagnostic de densité du plasma.

11 existe de nombreux types de modes d’Alfvén qui peuvent étre excités dans les
dispositifs de fusion, tels que les modes d’Alfvén globaux (GAE), les modes d’Alfvén
toroidaux (TAE), les modes d’Alfvén elliptiques (EAE) et les modes d’Alfvén compress-
ibles (CAE).

L'identification des différents types d’instabilités ou leur prévision est essentielle
pour le contréle du plasma. La détection de ces modes se fait généralement en
analysant les signaux des bobines magnétiques ou de I'interférométrie.

f o (0.3)

Chapitre 2 : Science axée sur les données

Apprentissage automatique

Une définition informelle de ’apprentissage automatique (ML) pourrait étre : “ Les
ordinateurs se programment eux-mémes avec des données. ” Ou une définition
plus détaillée : Etant donné un ensemble de données, les ordinateurs peuvent ap-
prendre a détecter des motifs (représentation optimale des données), puis effectuer des
actions complexes selon certaines contraintes (décisions optimales). En d’autres termes,
nous pouvons modéliser des relations fonctionnelles complexes entre les données
disponibles et la solution du probleme d’intérét : en supposant que y = f(x) existe
pour une fonction inconnue f, I'objectif de I’apprentissage statistique est d’estimer la
fonction f en utilisant un ensemble de données d’apprentissage X, afin de faire des
prédictions a partir de I'estimation y = f(X) [Jam+14].

La différence principale entre I'apprentissage supervisé et non supervisé réside dans
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la présence d’étiquettes dans les données. En apprentissage supervisé, les données
possedent des étiquettes, et I'algorithme apprend a les prédire. En apprentissage non
supervisé, les données n'ont pas d’étiquettes, et I'algorithme apprend a trouver des
motifs dans les données.

Un probleme courant de 'apprentissage automatique est d’éviter le surapprentis-
sage (overfitting). Pour éviter cela, nous pouvons utiliser des techniques de régular-
isation. La régularisation ajoute un terme de pénalité a la fonction de perte pour
empeécher le modeéle d’apprendre des motifs trop complexes.

Traitement du signal

Les informations contenues dans les signaux temporels et les images sont incroyable-
ment denses ; pour déméler les informations pertinentes, les scientifiques utilisent
des techniques de traitement du signal. Essentiellement, le traitement du signal est la
recherche de représentations alternatives des données qui révelent les détails d’intérét:
la transformée de Fourier, 'analyse par ondelettes et la transformée de Hough sont
des exemples de techniques de traitement du signal. Un exemple de décomposition
d’image utilisant cette DWT est montré dans la Fig. 2.8, et comparé a la Fig. 2.10.

Vision par ordinateur

La vision par ordinateur (CV) étudie les algorithmes et les modeles pour traiter, anal-
yser et interpréter des images et des vidéos. L'objectif ultime est d’imiter la perception
visuelle humaine. Pour s’attaquer a la complexité de la compréhension visuelle, la
recherche dans ce domaine est divisée en taches spécialisées ou en sujets.

Dans ce travail de these, nous avons exploré des techniques de vision par ordinateur
traditionnelles et basées sur 'apprentissage profond pour analyser les données de
diagnostic du plasma. Les techniques traditionnelles de vision par ordinateur utilisées
incluent la détection de crétes, le seuillage automatique et I'étiquetage de région. Les
techniques de vision par ordinateur basées sur ’apprentissage profond incluent les
réseaux de neurones convolutifs profonds (CNN) et 'apprentissage par transfert. Les
détecteurs de crétes mentionnés ont été appliqués a une photographie de JET pour
comparer les différents résultats, Fig. 2.13. Une fois les crétes améliorées, la méme
technique de seuillage est appliquée. Dans la Fig. 2.14, les méthodes de seuillage
automatique sont comparées.

Chapitre 3 : Identification des modes a l'aide de la
régression parcimonieuse et des dictionnaires
aléatoires de Gabor

Dans ce chapitre, un nouvel algorithme de décomposition de mode appelé “ Elastic
Random Mode Decomposition ” (ERMD) est introduit. Il traite les signaux bruts des

vii



bobines Mirnov de TJ-II pour trouver des structures temps-fréquence. La phase de
codage du signal est détaillée dans la Fig. 3.13.

Le probleme de I'analyse du signal peut étre compris comme un probleme de
régression linéaire. Etant donné un signal s, et une matrice de formes d’onde D, on
cherche les poids ¢, qui représentent le signal s = Dc. La matrice D est connue sous le
nom de matrice dictionnaire. Dans le cas de SRMD [RST22], les colonnes de D sont
composées d’atomes de Gabor réels, avec des fréquences, phases et emplacements
temporels aléatoires (d’ot1 le terme aléatoire).

Lobjectif est de trouver une représentation qui conserve les modes correspondant
aux harmoniques MHD tout en éliminant les caractéristiques indésirables comme
le bruit. Pour construire une matrice dictionnaire, nous supposons que le signal de
la bobine Mirnov peut étre reproduit comme une combinaison linéaire d’atomes de

Gabor: s; = W(t—1;)cos2nfit+¢;), ou W(t—1;) =exp (—%) est une fonction
gaussienne de largeur o. Le terme cos(27 f; ¢ + ¢;) reconstruit la structure oscilla-
toire, et la fonction gaussienne module I'amplitude sur un temps spécifique 7. Une
représentation des différents atomes de Gabor est visible dans la Fig. 3.3.

Le signal peut étre reconstruit en utilisant la combinaison linéaire de tous les atomes,
a condition que nous connaissions les coefficients c; qui représentent 'amplitude de

chaque atome.

(t—1;)?

S:Zci-si:Zci'exp(——)cos(Zﬂfit+¢>i). (0.4)

202

Pour calculer les coefficients c;, il est possible d’utiliser un ajustement par régression
linéaire, o1 la pratique courante consiste a minimiser I'erreur quadratique ||s — Dc||.
Cependant, les valeurs des coefficients c; représenteront également le bruit dans le
signal audio.

Nous pouvons utiliser un réseau de neurones a une seule couche avec une fonction
d’activation linéaire y = X- w + b, et b = 0. Nous entrainons le réseau de maniere a ce
que I'entrainement soit équivalent a la résolution de notre représentation du signal
s =D c. En d’autres termes, I'architecture du réseau de neurones est équivalente a
I’équation du décodeur (ou équation de synthése)

(Décodeur

, . ) s=D-c, (0.5)
equation

et I'entrainement du réseau de neurones est équivalent a résoudre le probleme
d’optimisation de I’équation de I'’encodeur (ou équation d’analyse)

(Encodeur

o )c=argmin{IID-c—SI|§+/11I|0|I1+7tz||0|lz}. (0.6)
equatlon c

Il est important de noter la grande asymétrie entre le codage et le décodage. Parce
que I'’équation du décodeur est linéaire, alors que I'’équation de '’encodeur est non
linéaire. La Fig. 3.13 illustre schématiquement I'architecture du réseau de neurones
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utilisé. Méme si la fonction d’activation est linéaire, la non-linéarité est présente dans
I’atome de Gabor, qui agit comme un noyau non linéaire. La profondeur est remplacée
par la grande longueur de la couche d’entrée. Dans ce travail, PyTorch [Pas+19] avec
les modules Lightning ont été utilisés pour implémenter ce modeéle. En utilisant ce
réseau de neurones, nous pouvons bénéficier du calcul parallele sur GPU.

Il convient de noter que I’équation de I'’encodeur est différente de la formulation
BPDN, la fonction de perte dans I’équation de 'encodeur est connue sous le nom de
elastic net [ZHO05]. 1l y a cependant deux principales différences. Premierement, la
formulation du probléme est non contrainte (elle ne nécessite pas de parametre de
bruit 0). Deuxiemement, il y a deux termes de régularisation A; et 1, associés aux
modules du code ¢ dans la norme ¢, ||c||, etla norme ¢, ||c||, respectivement, tandis
que dans BPDN, seule la norme ¢ est utilisée. La norme ||c||, favorise la présence de
groupes corrélés dans le code ¢ [ZH05].

Une fois le signal encodé, nous pouvons créer des groupes d’atomes proches dans
le temps et la fréquence. Les algorithmes de regroupement basés sur la densité sont
adaptés a notre application, car les atomes encodés tendent a se concentrer sur les
structures de modes temps-fréquence, et ils sont équipés pour gérer les points de bruit
et les regroupements non linéairement séparables de formes et tailles arbitraires. Nous
proposons l'utilisation de DBSCAN hiérarchique (HDBSCAN) [Cam+15] qui n’assume
pas une densité constante et est capable de déterminer la structure de densité variable.
Un exemple du résultat de HDBSCAN est montré dans la Fig. 3.20.

Pour chaque mode identifié, a 'exception des regroupements de bruit (-1), il existe
deux options pour déterminer leur caractere potentiellement Alfvénique : (1) Calculer
la corrélation de Pearson entre les fréquences des modes et 1/+/n. Si la corrélation est
supérieure au seuil de corrélation p;j,,, étiqueter le mode comme 1 (Alfvénique), sinon
0 (Non Alfvénique). (2) Utiliser I'information mutuelle (MI) a la place, ce qui peut
aider a récupérer plus de modes. (Les détails peuvent étre trouvés dans le chapitre
4). Le nouvel algorithme appelé Elastic Random Mode Decomposition (ERMD) est
résumé dans 'algorithme 2.

Chapitre 4 : Reconnaissance de motifs de haut
niveau

Une fois les atomes représentant le signal de la bobine Mirnov convenablement
extraits et regroupés en modes, un second regroupement peut étre appliqué pour
extraire des motifs de plus haut niveau. Les signaux du plasma utilisés en plus de
la fréquence des modes sont le courant I, I'énergie magnétique W, et la densité
1/y/n. Un exemple de ces signaux est tracé dans la Fig. 3.21. Le profilage de chaque
regroupement aidera a comprendre le résultat de 'exécution de 'ERMD, et la nature
des modes collectés. La méthode de regroupement choisie est K-means.

Le résultat du (t-distributed Stochastic Neighbor Embedding) T-SNE est montré
dans la Fig. 4.14, tous les modes découverts sont représentés dans un espace bidi-
mensionnel. Les numéros des étiquettes sont positionnés sur le tracé en prenant
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les valeurs moyennes des dimensions 1 et 2 dans chaque groupe. Enfin, I'étiquette
de classe résultant du regroupement K-means est utilisée pour assigner une couleur
aux points de projection et interpréter le résultat de la projection. Linterprétation
de I'analyse des regroupements est résumée dans le tableau 4.4. Pour plus de clarté,
nous fournissons des exemples de regroupements dans la Fig. 4.15.

Une autre facon d’analyser les relations entre les modes et les signaux du plasma est
la suivante : pour chaque mode, nous aurons des catégories binaires : La fréquence
du mode est-elle corrélée a la densité 1/1/n 2 (Oui ou Non) ; La fréquence du mode
est-elle corrélée au courant I, ? (Oui ou Non) ; La fréquence du mode est-elle corrélée
al’énergie W ? (Oui ou Non). Le tableau de contingence résultant (Tableau 4.2) pour
les caractéristiques des modes montre la distribution de fréquence multivariée de
la classe de mode Alfvénique, quantifiant la dépendance a ces nouvelles variables
catégorielles, et interprétant les fréquences relatives comme une probabilité si le
tableau est normalisé.

Chapitre 5 : Extraction de caracteéristiques
spectrales par analyse du signal : Transformée de
Fourier, ondelette et transformée de Hough

Suppression du bruit large bande a I’'aide des ondelettes
discretes

Les ondelettes discretes sont des réseaux de filtres multiscale-multidirectionnels. Un
exemple de décomposition spectrogramme est montré dans la Fig. 5.2. Le caractere du
bruit dans les spectrogrammes est fortement anisotrope, en raison de la fuite spectrale
du STFT dans chaque fenétre temporelle. Ce bruit large bande se situe principalement
dans la sous-image des détails verticaux. Ainsi, en supprimant les détails verticaux de
I'image, nous pouvons réduire considérablement le bruit dans les spectrogrammes.
La Fig. 5.3 montre le résultat, y compris I'effet des événements d’injection de pellets
dans cet exemple particulier. Les étapes sont résumées dans I'algorithme 3. Le résultat
est une image propre ne contenant que les structures de mode.

Détection de motifs de lignes droites

Certains signaux observés dans les spectrogrammes apparaissent comme des lignes
droites avec des orientations spécifiques. Dans de nombreux cas, ces signaux ne sont
pas causés par des instabilités du plasma. Par exemple, 'antenne TAE crée un motif de
balayage de fréquence, visible dans la Fig. 5.4. Nous devons développer une méthode
pour détecter et extraire ces lignes droites des images, algorithme 4. Dans la premiére
étape de la détection, nous avons utilisé la transformée de Hough [DH72; GMK99]
pour trouver les lignes droites y = mx + b dans les images des spectrogrammes.



Le résultat de la détection de lignes droites est montré dans la Fig. 5.6. La trans-
formée de Hough probabiliste [GMK99] peut étre utilisée pour intégrer des priorités
telles que la longueur de ligne, I'orientation angulaire ou la séparation entre les lignes.
Les résultats de I'application de cette technique sont présentés dans la Fig. 5.7.

Suppression des motifs orientés avec la FFT2D

Pour procéder a la suppression des motifs orientés, nous commencons par les lignes
droites détectées a I'aide de la transformée de Hough. Dans I'espace de Fourier, les
informations de l'image sont exprimées sous forme de fréquences spatiales dans
deux directions. Les étapes sont résumées dans I’algorithme 5. Nous pouvons alors
concevoir un masque sur le spectre d’amplitude pour supprimer les fréquences dans
les directions souhaitées.

Siles algorithmes 3 et 5 sont combinés, 'image résultante offre un contraste amélioré,
mettant en évidence les caractéristiques MHD du signal. Dans la Fig. 5.9, la majeure
partie du bruit large bande et le signal complet de 'antenne TAE sont supprimés.

Correspondance de motifs multiscale-multidirectionnelle avec
les curvelets

La transformée de curvelet [Can+06] est une généralisation multidirectionnelle des
ondelettes discretes (DWT), mieux adaptée aux images avec des bords courbes et
des caractéristiques directionnelles multiples, comme les modes MHD dans nos
spectrogrammes. Pour éliminer le bruit et les composants indésirables dans une
direction angulaire sélectionnée, nous fixons les sous-images correspondantes a 0,
puis appliquons la transformée inverse des curvelets.

Le résultat de I'utilisation de l’algorithme 6 est montré dans la Fig. 5.11. Les curvelets
éliminent efficacement le bruit anisotrope et améliorent le contraste des spectro-
grammes. Le signal de 'antenne TAE et les sous-harmoniques ICRH sont également
supprimés avec succes du spectrogramme, ainsi que I'élimination des dents de scie.

Chapitre 6 : Segmentation des modes avec la vision
par ordinateur

La segmentation d’'une image I(x, y) peut étre définie (page 131 de la Ref. [ARO05])
comme I'identification d’'un ensemble fini de régions, ou segments (Ry, Ry, Rj,..., Ry)
tels que ol la propriété de définition P détermine le résultat de la segmentation.

La fluctuation et la structure de l'intensité des pixels déterminent les caractéris-
tiques d'une image. La valeur de l'intensité des pixels peut étre vue comme une
carte de paysage avec des vallées, des plateaux, des montagnes avec des crétes et des
changements brusques comme des arétes, ou des pics causés par du bruit. Dans la
Fig. 2.11, nous représentons une coupe simplifiée en une dimension de l'intensité des
pixels de I'image, avec les arétes et crétes mises en évidence.



Les filtres de crétes utilisés dans cette these sont les détecteurs de crétes de Sato
[Sat+98], de Meijering [Mei+04], de Frangi [Fra+98] et de Hessian [Ng+15].

Une fois que les arétes des spectrogrammes sont améliorées, la binarisation d'une
image I(x, y) peut étre effectuée par la sélection d'un seuil global T. Le parametre
seuil T peut étre ajusté manuellement. Cependant, cela n’est pas pratique pour
analyser différentes expériences dans de grandes bases de données. Les algorithmes
de seuillage automatique global utilisés dans cette theése sont ceux d’Otsu [Ots79] et
de Li [LL93; LT98]. A des fins de comparaison, nous montrons également le résultat de
la méthode de Yen [YCC95; San04], la méthode ISODATA [RC78; San04], la méthode
du triangle [ZRL77], le seuil minimal [Gla93; PM66], et le seuil moyen.

Les structures des modes binarisées sont clairement identifiables aprés I'amélioration
des caractéristiques et I'application du seuillage automatique. Cela souligne la néces-
sité d'utiliser la détection des arétes ou des crétes, avant la binarisation pour garantir
que les modes sont correctement séparés de I'arriere-plan. L'exemple 6.8 est utilisé
pour démontrer les méthodes de seuillage.

Il peut y avoir des cas ou il n'y a pas de signaux indésirables, peut-étre parce que
I'antenne TAE ou I'ICRH ne sont pas en fonctionnement dans ces cas. L'algorithme
présenté 7 peut étre appliqué directement. Un exemple complet de pipeline de vision
par ordinateur est donné par I'algorithme 8. Il est a noter que ces pipelines sont
flexibles et peuvent étre adaptés a différents signaux et différents spectrogrammes.

Nous pouvons utiliser le résultat de la Fig. 5.11 pour comparer les différentes
méthodes de détection des crétes. Nous pouvons observer dans la Fig. 6.9, la Fig. 6.10,
etla Fig. 6.11, que des résultats équivalents pour séparer les modes de I'arriére-plan
sont obtenus avec les méthodes DoG, Meijering, Sato et Frangi a plusieurs échelles
o =11,2,3,4]. Dans ce cas, seuls les seuils calculés par la méthode de Yen fonctionnent.
Nous pouvons voir que les valeurs de seuil de la premiere rangée de la Fig. 6.11 sont
significativement plus élevées que les autres valeurs calculées par Otsu et la méthode
moyenne. Des preuves supplémentaires de |'efficacité de la méthode de Yen pour les
images traitées avec des curvelets peuvent étre trouvées dans la Fig. 6.12.

Apres avoir amélioré le contraste et supprimé d’autres composantes indésirables
du signal, il est raisonnable de supposer que les zones connectées de pixels d'image
représentent des modes MHD, qui peuvent étre détectés en utilisant un filtre de
connectivité [WOS05; FG96]. L'application de I'algorithme 8 a un signal de bobine
Mirnov de I'expérience JET 92416 donne le résultat présenté dans la Fig. 6.15. Nous
pouvons conclure que les modes individuels sont étiquetés de maniére satisfaisante.

Application aux spectrogrammes d’interférométrie

Les interférometres laser sont des outils tres utiles pour le diagnostic des plasmas.
Selon la conception de la machine, plus ou moins de composants optiques sont mon-
tés autour de la chambre a vide. Les oscillations mécaniques peuvent créer des motifs
parasites dans le spectrogramme. En outre, il peut y avoir d’autres sources de bruit
non identifiées ou d’interférences électriques qui peuvent affecter le spectrogramme
résultant. Dans la Fig. 6.17 (premier panneau), nous pouvons voir un spectrogramme
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de l'interférometre rapide FIR de JET (KG1F) canal 3.

Dans le chapitre précédent, nous avons introduit comment créer des masques dans
I'espace de Fourier. Nous pouvons utiliser un masque tres fin dans I'espace de Fourier
pour supprimer les lignes horizontales dans le spectrogramme.

Dans la deuxiéme rangée de la Fig. 6.17, le résultat du filtrage du spectrogramme est
visible, ainsi que le bruit supprimé de I'image. Il est maintenant possible de distinguer
certaines structures de modes présentes dans le noyau du plasma, juste en dessous de
200 et 400 kHz. Dans la troisieme rangée de la Fig. 6.17, nous montrons le résultat du
seuillage du spectrogramme. Enfin, I'algorithme d’étiquetage a été appliqué a I'image
binaire pour identifier les modes dans la Fig. 6.18.

Segmentation d’un spectrogramme d’un décharge avec des
fishbones

Dans les algorithmes introduits au chapitre 5, nous supposions que toutes les in-
formations contenues dans la direction verticale étaient du bruit ou des artefacts
indésirables. Ce n’est pas le cas lorsque des fréquences balayées rapidement d’origine
physique, comme les modes “ fishbones ” ou les modes de particules énergétiques,
sont présents.

Une approche plus simple, si la segmentation est appliquée en premier (algorithme
7), consiste a utiliser les propriétés des régions apres segmentation pour séparer et
filtrer les structures de mode du résultat. Le spectrogramme de la décharge JET 54300
illustré dans la Fig. 6.19 est un exemple d'un décharge avec des fishbones. Dans la Fig.
6.20, 'orientation des régions est utilisée pour séparer le résultat de la segmentation
en structures orientées horizontalement et verticalement.

Utilisation de I’'apprentissage par transfert pour la détection
des modes

Enfin, nous avons revisité I’analyse des données TJ-II avec des algorithmes de vision
par ordinateur. Nous avons démontré 'utilisation de I’apprentissage par transfert
pour faire face a un faible volume de données. Lapprentissage par transfert est
le processus dans lequel des modeles pré-entrainés sont ajustés pour fonctionner
avec un ensemble de données spécifique. Les modeles pré-entrainés utilisés dans
ce travail sont SAM [Kir+23] (Segment Anything Model), Detectron2 [Wu+19] (un
framework open-source de Facebook pour la vision par ordinateur), et YOLOvV8 [Ult]
(un framework open-source de vision par ordinateur de la société Ultralytics). Ces
frameworks incluent des modeéles de pointe dans la segmentation et la segmentation
d’instance.

Les résultats montrent que l'apprentissage par transfert en utilisant Detectron2
produit la meilleure segmentation de I'activité MHD : un indice de Jaccard de 0.491 +
0.130 sur '’ensemble de test ('indice de Jaccard le plus élevé précédent était de 0.427
[Bus+21]). De plus, trés peu de données étiquetées sont nécessaires (=20 décharges
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pour Detectron2) pour obtenir des résultats avec un indice de Jaccard = 0.438 + 0.13.

Conclusions

Dans le chapitre 3, un nouvel algorithme, ERMD, a été proposé, qui surpasse son
prédécesseur, SRMD, en travaillant efficacement dans le domaine temporel avec
des signaux bruts. Malgré certaines limitations liées aux colits computationnels et
a I'ajustement des hyperparameétres, ERMD montre des résultats prometteurs, en
particulier pour I'identification des motifs Alfvéniques dans les signaux du plasma.
L'puissance de I'algorithme ERMD est remarquable, car il peut étiqueter plus de 700
décharges en une semaine, ce qui est difficilement possible lorsque I'étiquetage se
réalise manuellement. Bien que la mise en ceuvre actuelle soit orientée vers I'analyse
inter-décharge, des travaux futurs pourraient inclure le développement d'un modele
de substitution d’apprentissage automatique pour permettre la détection en temps
réel de I'activité Alfvénique a partir des signaux bruts des bobines Mirnov. L'algorithme
développé pour ce travail est hautement adaptable et peut étre appliqué a une gamme
de signaux temporels non stationnaires et a haute résolution au-dela de la fusion
nucléiare. Les applications potentielles incluent I'analyse d’électrocardiogrammes,
'activité sismique, et méme "analyse musicale, démontrant ainsi la large applicabilité
des techniques d’apprentissage automatique et de traitement du signal présentées.

Dans le chapitre 4, nous avons étudié des méthodes innovantes pour détecter
des motifs dans les données de fusion. L'une des innovations majeures de cette
recherche est I'utilisation de I'information mutuelle (MI) pour capturer a la fois les
relations linéaires et non linéaires entre les variables. Cette amélioration augmente la
robustesse de la détection des modes, la rendant plus résistante au bruit et aux valeurs
aberrantes. De plus, une technique de regroupement appliquée aux modes récupérés
par ERMD s’est avérée efficace pour résumer 'activité des modes et filtrer les données
bruyantes.

Dans les chapitres 5 et 6, nous avons démontré le potentiel de I'analyse du signal et
des algorithmes de vision par ordinateur pour filtrer le bruit et identifier les caractéris-
tiques clés dans les spectrogrammes. Cette thése introduit des approches innovantes
pour le filtrage du bruit dans les spectrogrammes a |’aide de techniques classiques de
vision par ordinateur telles que les ondelettes et les curvelets. Les résultats obtenus a
I'aide d’un pipeline de segmentation en vision par ordinateur classique (extraction
de caractéristiques - détection de crétes - seuillage - étiquetage) offrent une méthode
flexible capable d’étiqueter systématiquement les données des spectrogrammes. De
plus, un avantage majeur de ces algorithmes est qu’ils ne nécessitent pas de GPU et
que le temps de calcul est faible. Enfin, 'application de 'apprentissage par transfert
avec des modeles de pointe comme YOLOvV8 a montré une amélioration de la précision
et de la vitesse de détection des modes en temps réel. Cela ouvre la voie a 'application
de telles techniques aux nouveaux dispositifs de fusion, ol1 les données sont limitées,
contribuant ainsi a 'automatisation et a la surveillance en temps réel des diagnostics
de fusion.
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Introduction

This thesis explores the application of machine learning, signal analysis, and computer
vision techniques to the detection and unsupervised characterization of plasma modes
in nuclear fusion experiments, with a particular focus on Alfvén instabilities.

The work is structured into three thematic blocks, with each chapter addressing
a key aspect. In addition, a certain level of redundancy is included to allow each
chapter to be read independently. The first two chapters are introductory, providing
an overview of basic concepts in fusion and machine learning. Readers may choose to
skip one of these chapters, depending on their expertise or interest. Chapters 3 and 4
examine the unsupervised learning of MHD patterns through clustering and sparse
coding. Chapters 5 and 6 focus on the use of spectral analysis and computer vision for
detecting MHD modes.

Chapter 1 introduces the physics and engineering principles of fusion, offering a
basic understanding of nuclear fusion and MHD instabilities. It discusses key concepts
such as fusion reactions, plasma confinement, and Alfvén eigenmodes, while giving a
context of fusion research. The goal is to give the reader a foundational understanding
of the physics of Alfvén eigenmodes behind this thesis work.

Chapter 2 shifts the focus to data-driven science and the role of machine learning
(ML) in analyzing fusion plasma data. This chapter introduces the three key disci-
plines necessary for the development of the results in this work: machine learning,
spectral signal analysis, and computer vision. ML is presented as the culmination of
a data analysis process that begins with data extraction, processing, and statistical
analysis. Moreover, the spectral analysis introduced is essential for detecting periodic,
multiscale patterns in images before applying computer vision techniques to identify
MHD activity.

The next block begins with Chapter 3, which develops sparse regression and the use
of Gabor random dictionaries for mode identification in plasma signals. It starts with
a musical analogy, which recurs throughout the text. This material was part of the
seminar “From Music to Fusion: How Artificial Intelligence Helps Interpret Complex
Signals”, presented at AMU in May 2024. This chapter introduces sparse regression
as a key tool for identifying specific oscillations in time series data, demonstrating its
relevance in decomposing signals into meaningful modes.

Chapter 4 builds on these ideas by focusing on high-level pattern recognition. Ex-
panding on the signal decomposition techniques introduced in the previous chapter,
this chapter explores the application of unsupervised learning methods to identify
more complex, higher-level patterns in plasma signals. It covers techniques for dis-
covering relationships between variables—both continuous and categorical—and
introduces the concept of Alfvénic modes, a critical type of plasma instability. The
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chapter demonstrates how large datasets from fusion experiments can be mined to
uncover hidden patterns and relationships, highlighting the potential of unsupervised
learning in plasma diagnostics. The algorithms and results discussed in chapters 3 and
4 were published in Nuclear Fusion [Zap+24b] just before the defense of this thesis.

Chapter 5 shifts to signal analysis and feature extraction, aiming to filter noise
and identify key features in spectrograms. The chapter introduces Fourier, wavelet,
and Hough transforms as tools for spectral feature extraction, emphasizing their
role in improving data quality by removing noise and highlighting critical patterns.
These techniques enhance the performance of the computer vision (CV) algorithms
developed in the following chapter. Some of the material in these two chapters has
been published in Plasma Phys. Control. Fusion [Zap+24a].

Chapter 6 explains how CV methods can be used to analyze complex modal struc-
tures in spectrogram images. Most of this chapter focuses on classic CV algorithms
that do not require GPUs, and are often used in other disciplines, such as microscopy
imaging, to label data. Key techniques such as ridge detection, automatic threshold-
ing, and region labeling are highlighted, demonstrating their effectiveness in breaking
down spectrograms into mode structures. The chapter also introduces the use of
transfer learning in deep learning models to enable fast inference of MHD modes.
State-of-the-art models like Detectron2 and YOLOVS are used to improve the accuracy
of segmentation and pattern recognition in plasma data. These computer vision
methods allow for the automated identification of time-frequency structures, paving
the way for future real-time diagnostics using machine learning.

Finally, a brief conclusion to this thesis is presented. In addition, some appendices
provide supplementary material: metrics of ML, ML feature selection methods, and
the images of processed spectrograms in Chapter 5 are presented in Fourier space.
The thesis ends with the bibliographic references cited throughout the text.



1. Fusion Physics

“The sun and its light,
the ocean and the wave,
the singer and his song.
Not one. Not two.”

— Anthony de Mello s.j.
Summary

1.1. Introduction . . . . . . . . .. e e e e 3
1.2. FusionreactionS. . . . . . . . . . .o i v it i i it i i e 6
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1.5. Wavesinplasmas . . . . ... ... ..t 22
1.6. Plasma diagnostics . . . . . . ... ... ... 30
1.7. Thesisproblem . .. ... ... ... . . ... . . . . e 32

1.1. Introduction

Nuclear fusion is an extremely rich field that connects with almost all disciplines
of physics and engineering. Although the history of fusion research involves many
characters and institutions, our intention is to provide a brief perspective of this
rich context, including some of the people and places historically involved, and the
associated time scales. Many references provide more detailed accounts of fusion
history [Mor18; Chell; Wag07; Mirl9; Azil2; MSC21; Wag07].

What fuels the Sun? Behind this simple question lie some of the most important dis-
coveries in physics. Determining the energy source of the Sun is essential to estimate
its age. Curiously, this was of particular interest to both supporters and detractors
of Darwin’s theory of evolution [BS02], because early calculations based on energy
conservation and experimental measurements showed that the Earth was orders of
magnitude older than the Sun.

In 1920, Sir Arthur Eddington proposed that only 5% of hydrogen in the Sun could
account for its energy production if the transmutation of hydrogen into helium con-
verted the mass difference into free energy [Edd20]. Eddington’s proposal directly
cited Rutherford’s work on the transmutation of elements and EW. Aston’s work on
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mass spectroscopy, which showed that the mass of helium is slightly less than the
mass of four hydrogen nuclei. Of course, he was also influenced by Einstein’s work on
relativity and Marie Curie’s work on radioactivity.

At the time, it was believed that the Sun was composed of the same matter as Earth’s
crust, and the neutron had not yet been discovered (the neutron was discovered later
by Chadwick in 1932). The hypothesis was that every atomic nucleus was made of
hydrogen ions (as explained by Rutherford’s early atomic model). Regarding the state
of matter in the Sun, it was believed that at least a large portion of stars should be in
a gaseous state where electrons are free particles, resembling an ideal gas. The term
“plasma” to describe this state was introduced in 1928 by Langmuir. Initially, the ideal
gas theory and the Stefan-Boltzmann law were used to estimate the temperature of
stars. Remarkably, the kinetic theory developed by Boltzmann to describe ideal gases
is still used today to describe plasmas in fusion devices.

But how can you measure something you cannot touch? The history goes back to
1666 when Newton separated the light of the Sun into a continuous “spectrum” of col-
ors, thus initiating the field of spectroscopy. Later, in 1814, Fraunhofer systematically
studied the existence of black lines in the light spectrum, and Kirchhoff identified
these lines with different atomic compositions years later. Today, we know, thanks
to Cecilia Payne-Gaposchkin’s thesis (1925), that the Sun’s most abundant element
is hydrogen (= 3/4), followed by helium (= 1/4). Once the composition of the Sun
became better understood, Hans Bethe proposed a detailed theory of nucleosyn-
thesis involving several fusion reactions in 1938. Remarkably, the development of
spectroscopy was also instrumental in the development of modern quantum theory,
which is necessary to describe collisions between atomic nuclei. Specifically, quantum
tunneling is needed to account for the correct probability of fusion reactions occurring
during collisions.

How can we reproduce fusion reactions on Earth to obtain energy in a controlled
way? We need to confine a plasma under controlled and sustained conditions so that
the fusion reaction can occur, i.e., a fusion reactor. The conditions for plasma density,
temperature, and confinement time were established by Lawson [Law57], and they
are detailed later in this chapter. The first man-made controlled fusion reactions were
achieved in particle accelerators led by Mark Oliphant at Cavendish Laboratory in
1932. However, in this approach, the energy input is much greater than the energy
output.

The first experiments aimed at developing a fusion reactor were variants of pinch
machines, in which a current j is discharged through a gas, ionizing it and creating
a magnetic field B that pulls the ions together through a compressing force j x B.
However, the first plasma instabilities (particularly kink instabilities) were observed in
these devices.

The Stellarator machine was introduced by Spitzer in 1958 [Spi58]. The twisted
shape of the magnetic coils in the machine theoretically compensates for the par-
ticle drifts by adding a rotational transform, “a twist” to the magnetic field. Other
approaches considered various magnetic mirror configurations to trap the particles.

Tokamak is an acronym derived from Russian, meaning “toroidal chamber with
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magnetic coils.” The “twist” in the magnetic field is produced by a current induced
in the plasma by a central solenoid. The first proper tokamak was constructed at
the Kurchatov Institute of Atomic Energy and named T3. In 1965, Lev Artsimovich
presented the tokamak at an IAEA conference in Culham. Soviet scientists had been
working with this approach for a decade in isolation, as nuclear research was classified
until the Atoms for Peace conference in 1958. However, their plasma temperature
measurements were not reliable. A team from the UK visited the USSR to use their
Thomson scattering technique to measure the plasma temperature. It was a success,
and the results were published in 1968 [Pea+69], marking a leap forward in plasma
confinement. The tokamak subsequently became the leading device in fusion research.
Its axisymmetry favored both ease of construction and the theoretical development of
plasma physics.

During the next decades, many experiments followed. The next generation of large
tokamaks was constructed in the 1980s: TFTR in Princeton, JET and ASDEX in Europe,
and DIII-D in California. A significant event during this decade was the discovery of the
high-confinement mode in ASDEX (1982) [Wag+82; Wag07], a plasma configuration
that improves the achievable density and temperatures.

With the turn of the millennium, the next generation of superconducting tokamaks
began operations: EAST in China (2006), KSTAR in Korea (2007), and JT-60SA in
Japan (2023). Recently, fusion ignition was achieved using inertial confinement at NIF
[Abu+22; Zyl+22]. Moreover, private investment has started to be attracted to nuclear
fusion, and the number of start-ups is growing. Overall, there are good reasons for
optimism at this time.

The ITER project began its technical design phase in the 1990s and is now under
construction in the south of France. ITER represents a critical milestone in demon-
strating the feasibility of nuclear fusion as a large-scale, carbon-free energy source. Its
aim is to achieve self-sustaining '’burning plasmas,” where fusion reactions primarily
heat the fuel, by operating plasmas with currents up to 15, MA, magnetic fields up to
5.3,T, and the highest plasma volume ever produced, with almost 1000 m3. Moreover,
it serves as a technological demonstrator for overcoming construction and operational
challenges. Until it is commissioned, research on fusion physics, materials that can
withstand plasma conditions, and improving diagnostic methods, to name a few,
continues all over the world.

The Stellarator continued to be studied in some laboratories. The lack of axisym-
metry made its construction and design more difficult. With the development of
computational power in recent decades, it became possible to optimize the design of
coils and fields. In 1998, the Large Helical Device (LHD) began operations in Japan,
the same year as TJ-II in Spain. The Helically Symmetric Experiment (HSX) was com-
missioned in 1999 in the US. Recently, Wendelstein 7-X began operations, validating
the optimization models and construction process [Ped+16]. Because of the absence
of an externally induced plasma current that drives many of the instabilities and
disruptions in tokamaks, among other advantages [Boo21], interest in Stellarators has
been renewed.

Not only is it necessary to achieve high density, temperature, and confinement time,
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but it is also essential to maintain steady operation with controlled instabilities. An
instability is a plasma perturbation that can grow over time, disrupting confinement.
As mentioned earlier, the first type of instabilities discovered were macroscopic (kink),
which were understood using magnetohydrodynamic (MHD) theory. Modern MHD
theory was born in 1942 [Alf42] with Alfvén’s realization of a new kind of coupled
fluid-field wave. This was another gift from the Sun, as the first use of Alfvén waves
was to explain the velocity displacement of sunspots [Alf42]. Once macroscopic insta-
bilities were reasonably understood, microscopic instabilities (neoclassical transport,
turbulence, and other anomalous transport) became new lines of research. The fron-
tier is now to understand and predict the behavior of burning plasmas, which are
predominantly heated by fusion reactions and will occur in future fusion devices.

In this chapter, we introduce the basic physics of fusion to understand the exper-
imental data involved in this thesis work. We begin with fusion reactions and basic
magnetic confinement theory. Next, a description of MHD waves is necessary to
understand the types of instabilities studied in this thesis. The chapter concludes with
the problem statement of this thesis work.

1.2. Fusion reactions

Nuclear fusion energy results from the reaction between two atomic nuclei. The
most easily achievable fusion reaction on Earth is between two different isotopes of
hydrogen: Deuterium (D) and Tritium (T). The nuclear process concludes with the
fusion of the two isotopes, resulting in the formation of Helium (He) isotopes and the
release of neutrons.

The reaction can be represented by the following equation:

D(H) + T GH) — 5He(3.5MeV) + jn(14.1MeV). (1.1)

The difference in masses between the reactants and the products is converted into
pure kinetic energy, as follows from the famous Einstein equation:

E = mc? (1.2)

The kinetic energy is distributed between the alphas (He nuclei) and the neutrons, 3.5
MeV for each alpha particle and 14.1 MeV for each neutron.

The main advantage of fusion fuel is its high energy gain per unit of fuel mass. It is
the densest energy source accessible to humankind. The energy gain per unit of mass
is greater in fusion reactions than in fission reactions or chemical reactions.

D — T fusion: 17.6 MeV — 3.5 MeV/amu (1.3)
U fission: ~ 200 MeV — 0.85 MeV/amu (1.4)
Carbon combustion: ~1 eV — 0.08 eV/amu (1.5)
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As we can see, nuclear reactions release roughly 10 million times more energy than
chemical reactions, and since the combustion of hydrocarbons is the basis of our
energy source, their substitution by nuclear fuels would not only result in a more
efficient energy source but could also help mitigate the problems of massive burning
of hydrocarbons.

For the fusion reaction to take place, Deuterium and Tritium must collide; in other
words, they should approach each other at a necessary distance and speed. Both
isotopes have positive charges, so they repel each other with the electric force, which
has a very long action distance. Only when the short-range attractive nuclear force
can overcome the electrical force and keep the nuclei together, can nuclear reactions
take place. The nuclear particles naturally seek a state of minimum energy, emitting a
neutron and redistributing the difference of mass into kinetic energy.

The densities, temperatures, and confinement time necessary for the fusion reaction
to occur are given by Lawson’s criteria, which for D-T reaction is expressed as a triple
product [WC11]:

nTtg=3x 10! m~3keVs, (1.6)

where n is the plasma density (in particles per cubic meter), T is the plasma tem-
perature (in keV), and 7 is the energy confinement time (in seconds). When the
reactants are in thermal equilibrium and follow a Maxwellian distribution, the process
is referred to as thermonuclear fusion. These reactions are said to be thermonuclear.
When density plays the dominant role, the reactants undergo inertial fusion. In this
thesis, we focus on data from magnetic confinement devices that aim to achieve
thermonuclear fusion.

1.3. What is plasma

There are four states of matter: solid, liquid, gas, and plasma. At low enough tempera-
tures, most substances are solid, and atoms or molecules pack together in an ordered
structure. When kinetic energy is given to the particles, their velocity increases. First,
they start vibrating relative to their minimum energy positions, and progressively the
ordered structure begins to lose periodicity and form. The particles are then free to
move while occupying a similar volume, colliding with one another. At this point,
the liquid state is reached. Following the liquid state, if the temperature is increased
further, particles travel longer distances and collide more frequently. If they occupy
the maximum volume possible, the matter becomes a gas. During the processes of
melting and evaporation, atoms remain neutrally charged.

Finally, if more energy is given to gas particles through collisions, two phenomena
can occur: first, if the energy is below a certain threshold, electrons excite to higher
atomic orbits, emitting electromagnetic radiation when they return to lower energy
states. Second, if the energy exceeds a threshold known as ionization energy, which
depends on the atomic structure, collisions between atoms remove electrons from
their orbits, allowing nuclei and electrons to move separately. This gas, composed



1. Fusion Physics —1.3. What is plasma

of charged particles that act together in a collective manner, is known as plasma.
Due to the long-range action of electric forces and the high speed of particles, very
complex collective behavior emerges, as plasma particles try to compensate for every
small volumetric charge difference. This process is illustrated in the following (classic)
cartoon.

Temperature

Plasma

Figure 1.1.: States of matter. Adapted from [Sha+13].

After this description of the change of states in matter, we can take from Chen’s book
[Chel8] a definition of plasma: “A plasma is a quasineutral gas of charged and neutral
particles which exhibits collective behavior’.

It is important to note that it is not necessary for the gas to be fully ionized to behave
like a plasma. The degree of ionization is modeled by Saha’s equation [Chel8], n;/n;,
(T32/n;)e”Vi'ksT  This equation shows how the ratio of ionized particles n; to neutral
atom densities n,, depends on temperature T, their ionization energy (the energy
required to ionize an atom), and the Boltzmann constant kg. As temperature increases,
the ratio of ionized particles n; to neutral particles n, also increases, meaning more
particles become ionized at higher temperatures.

This state of matter has unique properties. Because most substances we perceive in
our daily lives are in solid, liquid, or gaseous states, some plasma physical properties
appear counterintuitive. However, most matter in the universe is actually in the
plasma state. For instance, ions and electrons act as different particle populations,
so they have different distribution functions, meaning they have different velocities
V; = /(T;/m;) and V, = /(T./m,). The velocity of electrons is on the order of 40 times
higher than that of ions, V, > 40-V;. An example of plasma is the gas contained in
neon lamps, which can be held with a bare hand. This is possible thanks to the low
ionic temperature, while the electronic temperature can reach 20,000 K [Chel8]. In
contrast, the plasma in ITER is expected to have V; = 1000 km/s and T = 100 MK. It
is also important to note that in a plasma mixture of different species, ions of each
species can have different temperatures and density distributions.
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The definition of plasma needs to be done in quantitative terms, as not every ionized
gas behaves like plasma. The following three conditions must hold [Che18; Rax11]:

Ap =69y (T./n) < L (quasineutrality)
Np = n%n/l% >>1 (collective behavior)

w-T >1 (enough collisions)

where Ap is the Debye length, w is the proper frequency of plasma waves, 7 is the
mean time between collisions, Np, is called the plasma parameter, representing the
number of particles inside a Debye sphere, and L is the length of the system.

Quasineutrality refers to the property of plasma in which the densities of positive
and negative charges are nearly equal over large volumes. In other words, even though
the plasma contains charged particles—electrons and ions—on average, the plasma is
electrically neutral when viewed on macroscopic scales. This is because the positive
charges (due to ions) and negative charges (due to electrons) tend to cancel each other
out. However, small local deviations from neutrality can exist on very short length
scales.

The condition Ap < L is a mathematical expression of quasineutrality, where Ap,
the Debye length, is much smaller than the overall size of the plasma L. The Debye
length is the scale over which electric fields within the plasma can affect charged
particles. Beyond this length, the shielding effects of surrounding charges neutralize
any electric field generated by an individual particle. Essentially, quasineutrality
implies that the plasma behaves as if it is neutral beyond a distance of 1p, even
though it’s composed of charged particles.

Collective behavior in a plasma refers to the fact that individual particle interactions
are influenced by the presence of many other charged particles, leading to behav-
ior that cannot be understood by considering just a few particles in isolation. This
is different from neutral gases, where individual particle collisions can be treated
independently.

The final condition w - 7 > 1 ensures that the gas exhibits plasma-like behavior in-
stead of behaving as a neutral gas [Chel8]. Here, w is the natural frequency of plasma
oscillations, and 7 is the mean time between collisions. For the plasma to behave
collectively and maintain its quasineutrality, the particles must interact frequently
enough. When w - 7 > 1, the particles are colliding frequently compared to the charac-
teristic timescale of plasma oscillations, ensuring that the plasma exhibits collective
effects.

The proper plasma oscillations described by w tell us how fast the electrons or
ions in the plasma will oscillate if they are displaced from their equilibrium positions.
This is a characteristic frequency of the plasma and is independent of temperature,
depending only on the electron or ion density. For instance, the electron plasma
frequency is of the order of gigahertz (GHz) for typical laboratory plasmas, much
higher than the frequency of MHD waves, which are discussed later in this thesis.

It is interesting to know that plasma is the most abundant state of visible matter
in the universe: stars, nebulas, and galaxies. Although the plasma state can endure
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only in a vacuum, and we live in an atmosphere that does not favor its existence,
plasma is present in many earthly phenomena: fire, lightning, auroras, some types
of televisions, and fluorescent tubes. Plasma can exist at many temperature scales,
from a few hundred degrees Kelvin to several hundred million in Tokamak reactors.
The electron Np varies from 10* m~3 in interstellar space to 103! m™3 in the solar
core, Ap can vary from 100 m in interstellar space to 1 ym in the stellar core, and the
proper frequencies w vary from a few 10 rad/s to 10'* rad/s. A diagram indicating
the different types of plasmas and their parameters can be found on page 12 of Ref.
[BB0O4].

1.4. Plasma confinement

Electric particles moving in a homogeneous magnetic field experience a force perpen-
dicular to the field and their velocity, as depicted in (Fig. 1.2 - right). The Lorentz force
equation describes their movement accurately:

F=e/Z(E+vxB). (1.7)

The Lorentz force does not have a component along the magnetic field B, it is always
directed perpendicular to the magnetic field. It causes the particle to have a helical
movement around the field lines (Fig. 1.2 - left). The helical trajectory of these particles
is called Larmor orbits, or gyro-orbits.

Figure 1.2.: Lorentz force: parallel and perpendicular velocities motion of particles in
a magnetic field. The resultant combined motion is helical (Larmor orbits
on the left).

The Larmor radius p = ”’;””B and the cyclotron frequency w = % describe the

circular movement component (also known as gyro-radius and gyro-frequency;, re-
spectively). The Larmor radius depends on the respective kinetic energies of the
electrons and ions. The linear movement depends on the particle velocity component

10
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along the field lines. The cyclotron frequency is =150 GHz for the electrons and =40
MHz for the ions.

Several magnetic configurations allow partial confinement of charged particles. For
instance, the cyclotron was one of the first particle accelerators. It used a constant
magnetic field to confine the particles and accelerate them in a spiral trajectory before
releasing them into the target. Since charged particles follow magnetic field lines with
a parallel velocity, it is natural to think about bending the magnetic field to confine
the particles. Another example is the magnetic mirror: two parallel rings of currents
can create a potential magnetic well that can partially confine particles. However, for
the case of fusion, we need a special magnetic field topology configuration so we can
confine particles long enough (many orbits) while they are heated and collide. We
need to bend the field lines so all particles are confined in a volume. The tools we have
to do so are external magnets and the magnetic field produced by the plasma current
itself.

X Poloidal
¥ direction

Toroidal

direction

Figure 1.4.: Hairy torus:
the vector field is confined to
the surface (from [24d]).
Also the toroidal and poloidal
directions are indicated.

Figure 1.3.: Hairy ball:
the vector field is not confined
on the surface (from [24d]).

Two theorems from topology explain how to configure a vector field on a surface
so that it does not have singularities. The hairy ball theorem tells us that a vector
field cannot be confined to a spherical surface without creating a singularity (any
continuous tangent vector field on the sphere has at least one point where the field
is zero [BK17]), see Fig. 1.3. In contrast, the geometrical shape that allows us to
“comb” magnetic field lines and close them is a torus, Fig. 1.4. Note how the field lines
twist around the torus. These helicoidal magnetic lines are closed, and particles can
theoretically circulate the torus without leaving it.

The hairy ball theorem is a special case of the Poincaré-Hopf theorem, which tells
us that [Ric08] “for any vector field on a closed surface S with only finitely many zeros,
the sum of the indices of all zeros equals the Euler number of the surface”. Without
entering into the details of how to calculate the indices and the Euler characteristic,
we can say that the Euler characteristic of the 2-sphere is two [Ric08]. Therefore, there
must be at least one zero. However, in the case of the torus, the Euler characteristic is

11
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0; therefore, it is possible to create a field without zeros and “comb a hairy doughnut
flat”. It is important to note that this is only a necessary condition; not all vector fields
that can be held in a torus are free of zeros.

The Lorentz force and the hairy ball theorem help build an intuition of how one
particle may follow this ideal field configuration. However, we have ignored many
physical factors: the situation becomes more complex if we consider a system of
particles, as the electric field causes them to interact with each other. In addition,
the Lorentz force assumes a constant field. In real scenarios, the trajectory passes
through inhomogeneous fields, experiencing additional force components called
drifts. Moreover, accelerated charges emit radiation, losing kinetic energy. It is worth
mentioning that, since the Larmor radius is different for electrons and ions, they will
have different trajectories.

In Fig. 1.4, the toroidal and poloidal directions are indicated. The toroidal direction
is the direction around the torus, and the poloidal direction is the direction in the plane
perpendicular to the toroidal direction. The toroidal direction is toroidal direction is
the long direction around the “hole” in teh torus. The poloidal direction is the short
way around the “bend” cylinder.

In this text, we will not discuss particle drifts in detail; they are discussed in many
plasma physics references. However, it is important to mention the basic cases. A
Larmor orbit can be drifted: in the presence of external forces, when the magnetic
field is inhomogeneous, in the presence of an electric field, when a static magnetic
field has curvature, or when the electric field is time-dependent. The drift directions
depend on the charge sign in the case of drifts due to magnetic field gradients and
field curvature. Therefore, when ions and electrons are present in an inhomogeneous
curved magnetic field, they drift in opposite directions, causing a charge separation.

There is another reason, besides topology, to choose a torus. If the field is only
toroidal, one might think that particles can be confined in the toroidal direction,
orbiting around a center. However, this configuration has a problem: the particles
will drift away from the torus because of the presence of an inhomogeneous curved
magnetic field. In Fig. 1.5, an “only toroidal field” device is shown (left), along with the
tokamak (center) and stellarator (right) field configurations. The toroidal magnetic
field has a gradient in the radial direction, which produces a charge separation, and
the electric field generated by this charge separation will cause a E x B drift, pushing
the particles away from the torus.

To cancel the E x B drift, the idea is to average the drift E x B for each Larmor orbit
around the torus so that the result is zero. It is necessary to add a “twist” to the toroidal
field line so that the drift E x B rotates around the torus. This way, the drift for each
Larmor orbit is compensated around the torus. This has been often compared to
holding honey with a spoon; if the spoon is straight, the honey will fall, but if the
spoon is twisted, the honey will remain.

In other words, it is necessary to add a poloidal field component to the magnetic
field so that B = Bioroidal + Bpoloidai- This poloidal field can be generated by external
coils, as in the case of the stellarator, or by the plasma current itself, as in the case of
the tokamak. This is depicted in Fig. 1.5.

12
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Only toroidal Tokamak _————_ Stellarator
field

Jeoils

ExB
drift

charge
separation

Figure 1.5.: Toroidal field vs Tokamak vs Stellarator magnetic configurations. Adapted
from [Igo14].

In the case of the tokamak, the plasma current is generated by a central solenoid,
which induces a current in the plasma. The plasma current J,;45m generates the
poloidal magnetic field. The orientation of the poloidal field is determined by the
right-hand rule: imagining the thumb of the right hand pointing in the direction of
the current J ;45ma, closing the hand curls the fingers in the direction of the magnetic
field.

Z A (.I‘, Y, Z) Cartesian coordinates

toroidal direction

(@797 C) I

General

coordinates - .

JUTSTEREEEE SALEEEPRN , (Ra b, Z)
Cylindrical

coordinates

0

poloidal direction
y (p, 9, d)) Toroidal coordinates
Figure 1.6.: Toroidal geometry and alternative coordinate systems: general coor-

dinates (or curvilinear) (¢,0,(), cartesian (x,y, Z), polar (R,¢,Z), and
toroidal (p, 0, ¢). Adapted from [Sha+13]
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To describe the magnetic field in a torus, it is necessary to choose an appropriate
coordinate system. Alternative systems are shown in Fig. 1.6. In a torus, the two main
directions are the toroidal and poloidal directions. The toroidal angle is the angle
around the torus, and the poloidal angle is the angle in the plane perpendicular to the
toroidal direction. The major radius is the distance from the center of the torus to the
magnetic axis; the minor radius is the distance from the magnetic axis to the plasma.
The aspect ratio of the device is given by the ratio of the major to the minor radius.

The Cartesian coordinates (x, y, Z) are the most familiar system, but they are not
ideal for describing the toroidal geometry of a fusion device. The magnetic field lines
in these devices follow curved paths, making Cartesian coordinates cumbersome
for representing the circular and helical shapes inherent to the plasma. The polar
coordinates (R, ¢, Z) are an extension of Cartesian coordinates, which can be useful
for some applications in axisymmetric systems like tokamaks.

The toroidal coordinates (p, 8, ¢) are particularly useful for the torus-shaped geome-
try of tokamaks. In this system, p is the radial distance from the magnetic axis, 6 is the
poloidal angle (around the small circular cross-section), and ¢ is the toroidal angle
(around the large axis of the torus). This system aligns better with the magnetic field
structure, where field lines follow helical paths in concentric surfaces.

The general coordinates (curvilinear coordinates) (¢,0,() are often used in stel-
larators, which lack the axisymmetry of tokamaks, or in tokamaks when 3D effects
are considered. Unlike toroidal coordinates, curvilinear systems can account for the
helical, non-symmetric magnetic field lines. Their rigorous definition requires tensor
calculus, which is out of the scope of this introduction. A specialized monograph on
the subject is Ref. [Dhal2] and for the sign conventions Ref. [SM13].

1.4.1. Magnetohydrodynamics (MHD) equilibrium

Three lines of research in plasma physics derive from the triple product [Fre14]: heat-
ing, transport, and MHD. However, density and temperature are roughly proportional
to plasma pressure, which is studied by magnetohydrodynamics theory, while con-
finement time (transport) is studied by kinetic theory.

In kinetic theory, the Boltzmann equation describes the evolution of the distribution
function f, which represents the probability of finding a particle with a given velocity
at a given position. The Boltzmann equation includes the effects of external forces
and collisions:

-V 1.8
PR et e (1.8)

where the force F acting on a particle with charge ¢ is given by the Lorentz force:

Y yowp B ()
coll

F=qg(E+vxB), (1.9)

and the collision term (%) 1 accounts for particle-particle interactions.
CO.

It is worth noting that MHD equations can be derived from kinetic theory ([GP04]
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chapter 3) by appropriate averaging. The MHD equations describe the macroscopic
behavior of the plasma, treating it as a continuous fluid rather than a distributions of
individual particles. That is why MHD is appropriate for describing the equilibrium
and stability of magnetically confined plasmas.

Many references offer a more detailed and rigorous treatment of MHD and kinetic
theory with applications to magnetic confinement devices, such as Refs. [Fre14; Rax05;
Rax11; BB04; GP04; GKP10; Zoh15; HMO03; Jar10; WC11]. It is important to note that
there are many variations or “flavors” of MHD models. The simplest model is ideal
MHD, which considers the plasma as a single superconducting fluid.

The MHD equations are a set of coupled, highly non-linear differential equations
that describe the behavior of a magnetized plasma as a fluid. These equations are
derived from first principles like the conservation laws of mass, momentum, and
energy, combined with Maxwell’s equations for electromagnetism, or by averaging the
kinetic equations.

The MHD equations are valid when [Fre14]: the plasma is highly collisional, char-
acteristic dimensions much larger than an ion gyro radius and the resistive effects
can be neglected despite increased resistivity from collisions. They also describe
low-frequency phenomena, where MHD frequencies are much smaller than the gyro
frequency of the particles and the proper frequencies of the plasma, as mentioned in
the order of GHz.

In MHD, the plasma behavior is described by a set of equations that combine the
principles of electromagnetism and fluid dynamics. These equations govern the
behavior of the magnetic fields, electric fields, and the motion of plasma particles. The
change in particle orbits (gradients of pressure) can create what are called diamagnetic
fields and diamagnetic currents. The fields themselves are responsible for the plasma
confinement and the particle orbits. Perturbations to the field can create waves, and
the particles can interact with the waves and vice versa. This phenomenon is all
coupled together. However, the coupling between individual particle orbits and MHD
waves is not directly modeled by ideal MHD.

The MHD equations include Maxwell’s equations for modeling the electromagnetic
fields. The Gauss law for electric fields is given by:

v.E=Pe (1.10)
€0
where p, is the charge density. In MHD, where the net charge density p, is often
negligible (since the plasma is quasineutral), this simplifies to:

V-E=0. (1.11)
The magnetic field B is divergence-free, leading to the condition:
V-B=0. (1.12)

In other words, there are no magnetic monopoles, and the magnetic field lines form
closed loops.
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Faraday’s law of induction describes how changing magnetic fields induce electric
fields:

VxE——a—B (1.13)
ot '

Ampere’s law, which relates the magnetic field to the electric current density J, is:

0E
VXB:,U()]-F,UQEOE. (1.14)
In MHD, the displacement current term po€g % is often negligible due to the timescales
involved, so Ampere’s law simplifies to:

V x B = o). (1.15)

The generalized Ohm’s law in MHD is given by:

E+vxB=n], (1.16)

where 7 is the resistivity, and v is the plasma velocity. In ideal MHD, the resistivity
is zero (n = 0), and the fluid is superconducting. Therefore, ideal MHD does not
model resistivity effects like magnetic reconnection. This equation represents how
the electric field E is influenced by the magnetic field and the motion of the plasma.
The continuity equation, which expresses mass conservation, is:
dp

L4 (ov =0, (1.17)

The momentum equation (also called the MHD Euler equation in [Rax11]), which
describes the force balance on a plasma element, is:

N wvv=-Lvpsloxp (1.18)
- V- v=—— — X y .
ot PR
where J = “LOV x B. This equation shows that plasma motion is influenced by both
pressure gradients and the Lorentz force J x B. Note that gE in the Lorentz force is a
current.

The magnetic induction equation describes how the magnetic field evolves over
time:

0B

EZVX(VX B) -V x (7]). (1.19)

This equation also describes the convection and diffusion of the magnetic field (this
equation is called the convection-diffusion equation in [Rax11]), where the first term
represents convection created by the plasma flow, and the second term represents the
diffusion of the magnetic field due to resistivity, which again is zero for ideal MHD.
The equation of state relates the pressure p to the plasma density p and temperature
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p=pp,1). (1.20)

Some models assume an ideal gas equation of state, where p = (o/m)kp T, with kp
being the Boltzmann constant. This leads to the energy equation (d/d¢) (p/p¥) =0,
where v is the ratio of specific heats, and d/dt is the fluid derivative.

The necessary condition for equilibrium is that time derivatives of the vector field
quantities are zero. Setting the time derivatives to zero in Ampere’s law and the
momentum equation gives the MHD conditions for equilibrium:

{] xB =VP
(1.21)

VxB =,

These conditions are valid for both tokamaks and stellarators. The first equation
describes the force balance between the pressure gradient and the Lorentz force,
while the second equation governs the relationship between the magnetic field and
the plasma current. Fig. 1.7 shows the force equilibrium in a tokamak, where the
magnetic field confines the plasma.

Figure 1.7.: Equilibrium of forces in a tokamak

In equilibrium, the plasma satisfies conditions like J- VP = 0 and B- VP = 0, meaning
that the current and magnetic fields are aligned with the pressure gradient isobaric
surfaces. This fact can be used to construct a coordinate system that follows flux lines
[HMO03; Rax11]. The magnetic field can be expressed in flux coordinates as:

1
B=_—(V¥rxVO-V¥px{) (1.22)

where W1 and ¥p are the toroidal and poloidal fluxes, respectively. The fluxes are
calculated by either surface integrals or volume integrals of the magnetic field as in
Ref. [HMO03] pages 53ff. When the equilibrium is axisymmetric (as in tokamaks), the
magnetic surfaces are nested toroids like in Fig. 1.7. In stellarators, the existence of
nested surfaces depends on the external coil design. It is worth noting that there are
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Bg

Figure 1.8.: Typical plasma profiles of temperature T, density n, toroidal field By,
poloidal field By, and toroidal current B, varying with minor radius r.
Adapted from Ref. [Rax11].

alternative flux coordinate definitions, for example, Boozer coordinates or Hamada
coordinates, which are appropriate for stellarators and 3D equilibria in tokamaks. As
explained in Hazeltine’s book [HMO03] there are also straight-line coordinates: for an
arbitrary system of coordinates, if the field lines are drawn in a (-0 plane, the field
lines look curved. However, if “straight-line” coordinates are used, each field line
looks straight in the W 7-W¥ p plane. To summarize, we have Cartesian, polar, toroidal,
curvilinear coordinates, and some flux coordinate alternatives, each appropriate for
different purposes.

When there is axisymmetry, the MHD equilibrium of Eq. 1.21 can be transformed
into the Grad-Shafranov equation [Fre14; Rax11]. The equilibrium can then be solved
by taking into account the poloidal flux, the pressure profile, and the poloidal current
profiles. This task is often done with numerical codes such as HELENA [HGK+91;
Goe81; Poe+96]. Although this equation is nonlinear and usually solved numerically,
there are some cases where analytic solutions can be found (Solovev solutions).

In the case of stellarators, the MHD equilibrium described by Eq. 1.21 has to be
solved directly, and the 3D plasma confinement theory mathematics are more complex
[Hel14]. 3D equilibria is solved numerically with codes such as VMEC [HW83; HVM86]
or its variants [Gar90; Str97; Spo+01].

Many quantities help to characterize the plasma equilibrium that cannot be mea-
sured directly. The use of a equilibrium reconstruction like EFIT or a surrogate model
[Lao+22] is necessary. Plasma profiles, such as temperature 7', density 7, the toroidal
current I, and magnetic fields B, and By, vary with the minor radius r of the plasma,
as shown in Fig. 1.8.

The plasma S represents the ratio of plasma pressure to magnetic pressure (from

[WC11)):

thermal pressure p
p= ; == ) (1.23)
magnetic pressure  B</2

The plasma f is a measure of the plasma pressure relative to the magnetic pressure,
and it quantifies the importance of plasma pressure in the equilibrium of the plasma.
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A high § indicates that the plasma pressure is significant compared to the magnetic
pressure, which can affect the stability and confinement of the plasma. It is important
to note that this quantity varies with the minor radius r of the plasma, so alternative
averaged definitions of f exist.

The safety factor g, which describes the twisting of magnetic field lines in the
tokamalk, is defined as:

_d¥r _d¢
T=av, " a0

The g factor is usually set slightly greater than 1 in the core of the plasma to ensure
stability against internal kinks, and it increases monotonically toward the edge of the
plasma.

The rotational transform ¢ (the g-profile of stellarators) describes the number of
toroidal rotations per poloidal rotation:

(1.24)

a¥p _, 49 (1.25)
dvr T dl '

=271

The reason to define « for stellarators is likely due to the fact that the g factor evolves to-
ward negative values at the edge (the shear is usually reversed in stellarators compared
with tokamaks), and ¢ gives a monotonically increasing quantity.

The magnetic shear s, which measures the variation of the safety factor with radius,
is given by:

<= dg d*yr
Cdyp  dy?

Magnetic shear is beneficial for plasma stability, as it prevents the propagation of
perturbations along the perpendicular field direction. A reversed shear is key for
the production of internal transport barriers (ITB) in advanced tokamak scenarios
[Sha21].

Finally, at certain surfaces the fields join up with them selves again when there is
an integer number of toroidal (n) and poloidal turns. This happens when the safety
factor g is rational, given by:

(1.26)

_di _m
T=a0~n’
where m and n are integers, representing the poloidal and toroidal mode numbers,
respectively. It can be shown, using Hamiltonian theory, that resonant magnetic
perturbations (see [Rax11], pages 165-167) are located in this surfaces.

Therefore, the g-profile, rotational transform ¢, and magnetic shear s are essential
for understanding the behavior of the plasma and designing magnetic confinement
devices. It is important to note that these quantities are dimensionless. By controlling
these parameters, scientists and engineers can optimize plasma stability and confine-
ment, leading to more efficient and reliable fusion reactors. It is important to note
that these quantities are not measured directly, and their values are inferred from
equilibrium reconstruction codes.

(1.27)
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1.4.2. Tokamaks vs Stellarators

Figure 1.9.: JET tokamak (from Eurofusion) and TJ-1I stellarator (from CIEMAT).

In magnetic fusion, achieving ignition—the point where plasma self-heats and sus-
tains the fusion reaction—can be approached in three ways [Sha21]: increasing energy
confinement time, increasing magnetic field strength, or increasing beta (the ratio
of plasma to magnetic pressure). Each of these methods has distinct technological
challenges and physical limitations, but together they offer different research lines for
the design of fusion devices.

One approach to achieving ignition is by increasing the energy confinement time 7.
This involves ensuring that the plasma retains energy for longer periods before it cools.
Alonger confinement time can be achieved by increasing the volume of the fusion
reactor, as larger volumes help sustain energy. For example, in a reactor generating
1 GW of power, a plasma volume of approximately 1000 m? is required. The ITER
project is designed to come close to this critical size. Current reactors like the Joint
European Torus (JET), with volumes around 100 m3, are still subcritical in volume,
meaning they cannot yet achieve ignition based on confinement time alone [Sha21].

Another method to achieve ignition is by increasing the magnetic field B, which
enhances the plasma confinement. However, raising the magnetic field strength
beyond 5 T is technologically difficult due to the increased pressure on magnetic coils.
The magnetic pressure on the structure rises significantly with higher fields, making
it a major engineering challenge. For instance, magnetic pressures around 1 kg/cm?
for a 0.5 T field escalate to approximately 400 kg/cm? for a 10 T field. Projects such as
Alcator C-MOD and IGNITOR have been designed to push the boundaries of magnetic
field strength, while high-temperature superconducting magnets offer a promising
future solution for increasing B [Sha21].

Finally, increasing beta f3, the ratio of plasma pressure to magnetic pressure, presents
another path to ignition. Higher beta values allow more plasma pressure to be con-
fined for a given magnetic field. This method is limited by physical constraints, specif-
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ically magnetohydrodynamic (MHD) instabilities, which cap the maximum beta.
However, optimizing the magnetic field topology, such as using spherical tokamak
designs, can achieve higher beta values. Spherical tokamaks, like MAST and NSTX,
have demonstrated much higher beta levels than traditional machines, making them
a promising concept for future fusion reactors [Sha21].

104
— D-T Q=1
" D-D
= 10° - —— D -3 He
: = == Bremsstrahlung limit
% Y ITER ’
2 SPARC
CY.) 102 E Alcator-C
| DIIL.D
g JET
S 1] JT-60
= 10 W7-X
= p LmD
~
< 100 ]
107! ' .
107t 10° 10! 102
T(keV)

Figure 1.10.: Triple product of some Tokamaks and Stellarators

In Fig. 1.10, we compare a sample of different triple products achieved by tokamaks
and stellarators. We can see that the triple product of tokamaks under construction is
close to the ignition threshold. Additionally, the performance of optimized stellara-
tors is approaching that of tokamaks. However, tokamaks are able to achieve higher
temperatures than stellarators. The triple product depends on the experimental con-
ditions, so Fig. 1.10 offers only a sample of many experiments. For a more exhaustive
comparison of the triple product between stellarators and tokamaks, consult Ref.
[WH22].

It’s worth including for comparison other fusion reactions that are being studied,
D-D and D-He®.

D (H) + D ¢H) — 3He(0.82MeV) + jn(2.45MeV) (1.28)

IH +,He — ;He (3.6 MeV) +1p (14.7MeV) (1.29)

Their triple product dependency with temperature is included in Fig. 1.10. Their
reactivity is much lower than that of D-T, therefore the triple product needed to
achieve ignition is an order of magnitude higher than for D-T.

Stellarators and tokamaks have both advantages and disadvantages compared to
each other. Tokamaks achieve higher triple products than stellarators, heat the plasma
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to higher temperatures, and have better particle confinement (neoclassical). Stellara-
tors, on the other hand, have fewer current-drive instabilities because the poloidal
field is produced by external coils, and they do not experience disruptions, or runaway
electrons [Boo21]. Stellarators offer many possible magnetic configurations and opti-
mization possibilities. However, once the coils are optimized, the operational margin
is usually less flexible compared with tokamaks.

The major physical difference between tokamaks and stellarators is the axisymme-
try of tokamaks and the non-axisymmetry of stellarators, as it can be appreciated in
Fig.1.9. The axisymmetry allows the conservation of particle toroidal angular momen-
tum [Hel14] (also called canonical angular momentum), which enables better particle
confinement than stellarators. In stellarators, the lack of axisymmetry produces many
local minima in the field lines around the torus. The particles are easily trapped in
these minima and drift away quickly (this trapped particle orbits of local minima—also
called banana orbits—do not precess around the torus like in a tokamak). An analo-
gous effect is produced in tokamaks when there are gaps or misalignments between
toroidal coils, producing small perturbations to the axisymmetry; this 3D effect is
called error field in tokamaks. Therefore, the optimization of magnetic configurations
in stellarators must take into account trapped particle orbits to improve particle con-
finement, aiming for what is called quasisymmetry. In addition, other parameters
like transport or plasma wall wall interactions can be optimized. For a more detailed
comparison between tokamaks and stellarators, see Ref. [Hel+12; Boo21].

1.5. Waves in plasmas

Wave phenomena is ubiquitous in all physical disciplines, and plasmas are no excep-
tion. Waves propagate energy perturbations through matter or fields. The waves in
plasmas can be classified into three main categories [Rax11]-chapter 8: electromag-
netic waves (light), heating waves, and destabilizing waves.

Electromagnetic waves (light, x-rays) are the same as in a vacuum, and they are
used for diagnostic purposes. They have frequencies much higher than the rest, in
the order of THz, and the characteristic wavelength is the shortest of all (smaller
than the electron gyrofrequency). Heating waves are used to heat the plasma and
have frequencies in the order of GHz (frequencies ranging from ion gyrofrequency,
lower-hybrid frequency, pulsating plasma frequency to the electron gyrofrequency)
and characteristic wavelengths in the order of cm-mm.

Destabilizing waves are characteristic of MHD instabilities and turbulence. They
have frequencies in the order of kHz for MHD waves and kHz-MHz for turbulence.
Their characteristic wavelength is in the order of the machine’s major R radius or the
minor radius a (meters) for MHD waves, and between the ion gyroradius and the
electron gyroradius for turbulence (cm-mm).

The characteristic frequencies of MHD waves are comparable to the precession fre-
quency of confined ions or any other bouncing frequency of confined particles. This is
important because a wave can interact with distributions of particles through an effect
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known as Landau damping. If the wave frequency is close to the confined bouncing
frequency of confined particles, the wave can gain energy from the slowing-down
distribution to grow and become an instability; otherwise, the waves get damped
and disappear. An immediate consequence of the formation of resonant waves is a
perturbation of the equilibrium configuration of the plasma, leading to the deteriora-
tion of confinement. Particle and energy loss occurs, reducing the triple product and,
consequently, plasma performance. In this thesis, we focus our attention on MHD
waves and MHD instabilities. Their ability to generate growing stationary waves on
the scale of fusion devices, when resonating with confined particle orbits, makes them
an important phenomenon to understand and control in fusion devices.

Other types of waves worth mentioning are sound waves, which are compressional
waves that propagate through the plasma at the sound speed, and drift waves, which
are driven by density gradients and propagate perpendicular to the magnetic field.
The velocity of propagation for the different waves has to be calculated using their
dispersion relation w (k) and the wave vector k. Additionally, waves can have different
velocities in different directions; this is called anisotropy. The waves can be classified
by their polarization, the direction of the electric field with respect to the magnetic
field. The waves can be longitudinal, transverse, or elliptical. They can also be classi-
fied by their phase velocity, the velocity of the wavefronts, and the group velocity, the
velocity of the energy transport. Discussing all these details is beyond the scope of this
introduction, but detailed discussions are available in the plasma physics literature.

In conclusion, waves in plasmas are a multiscale, complex phenomenon. The waves
can interact with particles, fields, and couple with other waves. However, in this thesis,
we focus on MHD waves and instabilities, particularly Alfvén waves, which are the
ones observed in our diagnostic data and are relevant for the macroscopic plasma
confinement in burning plasmas.

1.5.1. MHD waves in homogeneous plasmas

The MHD wave equations can be derived from a perturbed MHD equilibrium J¢ x
By = VPy, where the subindex 0 denotes the equilibrium quantities. The perturbed
quantities are [Sha+13]: B=Bo+6B,J=Jo+6J,v=06Vv, P=Py+ 6P, p = po+9dp, and
E = 0E, where p is the plasma density.

It can be shown [Frel4] (page 51) by conservation of the magnetic flux in the ideal
non-resistive plasma MHD approximation that magnetic lines are frozen into plasma,
so magnetic lines move with the plasma. This means that plasma displacement ¢ from
the equilibrium dv = % translates into a magnetic signal that we can measure.

The MHD wave equations are obtained by linearizing the MHD equations around
the equilibrium configuration. After some algebra, the following equation can be
obtained [Sha+13]:

2 2
% = IVdive+ V2V, divé) + V2 665;
This equation describes linear MHD perturbations in ideal homogeneous plasmas.

(1.30)
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Where the speed of sound is

cs =) 22, (1.31)
Po
and the Alfvén speed is
B
Vy= —2 (1.32)
v HoPo

The vector equation 1.30 can be separated into three wave equations for the shear

4 0%, 20%, . . 02 divé | ) .
Alfvén waves 52 = Viga the compressional Alfvén waves —z = ViAL div¢,

and the slow magnetosonic waves % = cg%. Shear Alfvén waves are transverse
waves that propagate along the magnetic field lines, compressional Alfvén waves are
longitudinal waves that propagate along the magnetic field lines, and slow magne-
tosonic waves are longitudinal waves that propagate perpendicular to the magnetic
field lines. This is depicted in Fig. 1.11. Of the three types of waves, the shear Alfvén

waves are the easiest to excite [Sha+13].

Compressional Alfvén Shear Alfvén SIOWWCUS‘CE
. N
3 : ¢
—( Ve — p
f
m— < & 3 3

Figure 1.11.: Types of MHD wave perturbations of ideal homogeneous plasmas in a
cylinder: Compressional Alfvénic waves (CA), shear Alfvén Waves (SA),
and slow magnetosonic waves (SM). Adapted from [Sha+13].

In the case of shear Alfvén waves, the perturbed magnetic field lines can vibrate
transversally like a guitar string. The waves propagate in the parallel direction with
respect to the field. The dispersion relation can be written as

w =k Va, (1.33)

where the wave vector k)| is parallel to magnetic field lines. We can rewrite V4 by
expressing the density as the sum of the mass of the species in the plasma py =) n;m;:

B
Vp=m —— (1.34)

vqunimi'

The Alfvén speed is proportional to the magnetic field B, and inversely proportional
to the square root of the mass density of the plasma ) n;m;. When the plasma is
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composed of species with the same charge/mass ratio, the mass density [Hei08] is
proportional to electron density, V4 « B/,/n.. In these cases, substituting into the
dispersion relation, we have

B 1
T o T
This equation allows us to distinguish Alfvén modes from other plasma waves, because
they are strongly correlated with the plasma density diagnostic signal.

Waves are often expressed with a Fourier expansion in which one harmonic (or one
mode) represents a displacement ¢. A harmonic can be defined for toroidal geometry
as follows [Igo14]:

[ (1.35)

£(,0,¢,1) =&, (p) cos(ndp— mO —2nft)- e, (1.36)

where ¢, is the radial amplitude function (depending on the radial coordinate p), ¢
and 0 are the toroidal and poloidal harmonic angles, respectively, and m, n are the
toroidal and poloidal harmonic numbers associated. The above parameters determine
the spatial distribution and the temporal evolution of the mode. A sea of such modes
can exist in the plasma

1.5.2. Alfvén waves in inhomogeneous plasmas

In the beginning, it was believed that shear Alfvén waves would be strongly damped
and not be discretely observable. The reason is that in an inhomogeneous plasma with
Va=Va(r) and k) = k;(r), the frequency varies with radius. Additionally, the varying
g-profile (varying shear) along the minor radius changes the direction of wave vectors.
Therefore, the waves propagate with different velocities and directions, dispersing
quickly. This type of mode is known as a continuum mode, where mode perturbations
are highly localized in the radial direction, but these perturbations are highly damped.
In Fig. 1.12, we can see the dispersion relationships of the different types of modes
and their radial distribution. The first row shows the continuum type. An antenna
sending a signal with a frequency in the continuum will create a highly localized radial
structure but with high damping.

The first discovery contradicting this expectation was the experimental finding of
the Global Alfvén Eigenmodes (GAE) in plasma cylinders [RCM82]. In cylindrical
geometry, the length of the cylinder L determines the smallest parallel wave vector as
Kmin = ZT” > 0. Therefore, the lowest shear Alfvén (SA) frequency remains above zero.
It was found experimentally that a resonance of frequency wgag < w 4 can exist if the
current profile in the cylinder creates a minimum in the Alfvén continuum. This is
allowed by the condition:

1 dk 1 dv,

- 1.37
k|| dr VA dr ( )

which occurs in the vicinity of a minimum in the Alfvén continuum,
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dwa(r) B
( dr )rmin -0

These are depicted in the second row of Fig. 1.12. The perturbation can extend
along the radial direction and the mode can be excited.

The GAE wave propagation is analogous to total internal reflection in optical fibers
[Sha21]. The GAEs propagate through a waveguide in the plasma defined by a maxi-
mum in the radial refractive index N, = ¢/ k, (a minimum in frequency w 4(r)).

(1.38)

Frequency Mode structure
Continuum
w? €p
Antenna 0 P
0 p
Extremum type
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m
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w
m-+1.~ =~ Antenna 0 P
0 p

Figure 1.12.: Dispersion relationships and Mode structures. Adapted from [Pin96]

There is a third type of shear Alfvén wave that appears in inhomogeneous plasmas:
the coupling type. It was found [CCC85] that due to the non-uniform toroidal magnetic
field, the continuum is broken up into small continuum bands, and new discrete
toroidal eigenmodes can exist inside the continuum gaps.
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The parallel wave vector for the mode m in toroidal geometry is given by:

Kym(r) = l(n—l). (1.39)
R q(r)

The coupling between adjacent modes, m and m + 1, is given by the condition:
2 2 2 12

The condition for the safety factor g at which TAE modes can occur can be calculated
by substituting Eq. 1.39 into Eq. 1.40:

1 m 1 m+1
aln- )=o), (1.41)
R q(r) R q(r)
and then solving for g, which gives:
m-—1/2
= . (1.42)
n

Substituting this value of g into Eq. 1.39, and the result into w = kj,(r) V4, we obtain
the frequency of the gap formed by the coupling of the 7 and m + 1 modes. This mode
is known as the Toroidal Alfvén Eigenmode (TAE) and has a frequency:

~ Va(rmag)
~ 2Roq (rmap)’

In the last row of Fig. 1.12, we can see the dispersion relationship of the coupling
type. The two harmonics of the mode are localized in the radial direction and the
mode can be excited easily, overcoming damping.

The formation of frequency gaps is a common wave phenomenon observed in vari-
ous physical systems [Hei08]. Examples include the electron band gap in conductors
and Bragg reflection in optical filters. As Lord Rayleigh noted, any periodic modu-
lation of the refractive index N creates a band gap. In conductors, the periodic ion
lattice causes changes in N in the electron wave equation, while in photonic crystals,
alternating layers of materials with different NV produce a frequency gap. Similarly, in
optical fibers, periodic variations in the core’s refractive index create a “fiber Bragg
grating”.

These gaps arise due to the interference of counterpropagating waves reflected
backwards by the periodic modulations [Hei08]. In toroidal plasmas, variations in the
magnetic field B, which occur due to rotational transform and poloidal currents, result
in a variation of the Alfvén speed along a field line, effectively acting like a periodic
refractive index. Since the Alfvén speed is proportional to B, these variations lead to
frequency gaps. Additionally, factors like elliptical or helical geometry, changes in
compressibility, and electron dynamics can introduce further couplings and influence
gap formation. The nomenclature of the different types of shear Alfvén eigenmodes
can be found in Table 1.1.

The equilibrium stability can be analyzed with codes like the MHD linear code

WTAE (1.43)
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Acronym | Name Necessary condition

RSAE Reversed-shear | gmin (Also known as Alfvén cascades)
BAE Beta Compressibility

GAE Global Minimum in Alfvén continuum

TAE Toroidal m and m + 1 coupling (toroidicity)
KTAE Kinetic Electron dynamics

EAE Ellipticity m and m + 2 coupling (elipticity)
NAE Noncircularity | m and m + 3 coupling (triangularity)
MAE Mirror n and n+ 1 coupling

HAE Helicity n and m coupling combinations

Table 1.1.: Nomenclature of shear Alfvén eigenmodes. Theoretical and experimental
observations are available in Ref. [Hei08].

MISHKA [Mik+97] or its CASTOR variants [Ker+98; BK99; SG16]. Non linear stabil-
ity can be studied with codes like LIGKA [Lau+07] with HAGIS [Pin+98] or FAR3D
[Spo+21].

Itis worth noting that by identifying the Alfvén mode type, their frequency and mode
number, we can infer equilibrium properties using their propierties. This method is
called MHD spectroscopy [Fas+02; Sha+01].

1.5.3. Energetic particle drive

The waves explained in the last section need a source of free energy to be excited,
also known as a drive. Inhomogeneous plasmas in fusion devices have many types of
gradients: pressure, current, magnetic field, shear, etc., which can act as sources of free
energy. To compile this introduction, information from monographs about energetic
particle instabilities [Sha+13; Hei08; Pin+15; GPT14] and detection-control [Igo14] has
been used. The historical development of the field (experiments and theory) can be
consulted in Refs. [Hei08; GPT14].

The Alfvén wave instabilities are extensively studied because energetic particles
(EPs) can transfer energy to plasma waves. Gradients in the EP distribution come
either from external heating, like Ion Cyclotron Resonance Heating (ICRH) or Neutral
Beam Injection (NBI), or from the nuclear fusion reactions, like alpha particles. In
burning plasma, He?" ions coming out of the deuterium-tritium reaction have a high
energy of 3.5 MeV and fulfill the conditions mentioned to drive the different kinds
of Alfvén waves. With the energy coming from EPs, the instabilities can increase
their amplitude (positive y), causing particle and energy losses, reducing the reactor
efficiency due to loss of energetic particles (reduction of alpha confinement). On
fusion fuel-less experimental devices, EPs are provided by heating systems, allowing
researchers to study this phenomenon before achieving ignition.

The general expression for power transfer between a particle and the fields of a
long-wavelength, low-frequency wave is given by the rate of change of energy ‘Z—Vf.
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According to Ref. [Hei08], the formula is:

aw e/vg-E| +eZvE|+ 95y (1.44)
_— V- _. .
dat 4 BL 151+ ot

The terms in the formula are defined as follows: e represents the elementary charge of
an electron, while Z is the charge state of the particle, typically greater than 1 for ions.
The drift velocity of the particle orbits is denoted by v;, and E refers to the transverse
electric field, which is perpendicular to the magnetic field. The velocity component of
the particle orbits parallel to the magnetic field is given by v/, and the parallel electric
field is represented as E|. Additionally, u is the magnetic moment of the particle, and

% describes the time variation of the magnetic field parallel to the particle trajectory.

The first term eZv,; - E; describes the power transfer due to the drift motion of
the particle in the transverse electric field. For shear Alfvén waves, this term is often
dominant because the transverse electric field can be significant, and the drift velocity
of the particle orbits is the main contributor to energy transfer between the particle
and the wave.

The second term eZv| E) represents power transfer due to the particle’s parallel
velocity vy in the presence of a parallel electric field E;. In shear Alfvén waves, this
term is generally small because the electric field component parallel to the magnetic
field is small unless mode conversion occurs (to a wave with a large electrostatic
component).

The third term ,u% corresponds to the power transfer due to the time variation of
the parallel magnetic field. Since the magnetic perturbation of shear Alfvén waves is
mostly transverse, this term is typically small, especially in low- 8 tokamaks (where
plasma pressure is much smaller than the magnetic pressure).

Alfvén Eigenmodes (AEs) can be excited by EPs if three primary conditions are
satisfied, as explained in Chapter 9 of Igochine’s book [Igo14].

First, the drift frequency resulting from the radial gradient of EPs pressure P, must
exceed the Alfvén frequency wag = 27 fag. This condition is mathematically expressed
as [Igol4]:

wg =———2 P S AR (1.45)

where m represents the poloidal harmonic, r is the minor radius, T, is the EP
temperature, e, is the EP charge, By is the equilibrium magnetic field strength, and
pa denotes EP pressure. This condition is necessary because in curved fields, power
transfer can occur, but only the drift velocity v; « w; contributes, as shown in the
power transfer equation.

Second, the free energy from the radial gradient of EP pressure needs to be coupled
to the energy of the AEs through wave-particle resonances, such as the Landau res-
onance, where the parallel velocity of alpha particles V|, equals the Alfvén velocity
Va.
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To the later we can also add a resonance condition for the particle orbits
w+ pwg —nw; =0 (1.46)

where w denotes the wave frequency of the Alfvén eigenmode (AE), the orbit poloidal
frequency is given by wy, w; is the toroidal orbit frequency. The integer p indicates
that resonance can occur at different harmonics of the poloidal orbit, and the integer
n is the toroidal mode number.

Finally, the power transfer from EPs to the AEs, denoted as Py, must exceed the
wave damping caused by the thermal plasma. This is represented by the inequality:

Pq

where Wyg is the wave energy, and Yplasma is the damping rate of the thermal
plasma. The main mechanisms of damping are four [Pin+15]: Landau damping due
to collisions with ions, or collisions with trapped electrons, radiative damping and
continuum damping.

Non linear effects that can also be observed should be mentioned. They reveal sev-
eral behaviours in the mode amplitude and frequency evolution that can be observed
in diagnostic data, including [Sha21]:

Ya= > Yplasma- (1.47)

(a) the amplitude grows until saturation at nearly constant frequency, following the
Alfvén scaling law f % ;

(b) the amplitude becomes modulated at constant frequency, leading to phenomena
such as “pitchfork splitting” and chaotic structures in Fourier spectrograms;

(c) the amplitude shows rapid bursts over time, with the mode frequency sweeping,
commonly referred to as “chirping” modes.

In conclusion, it is important to note that many other types of instabilities can be
observed in fusion devices, such as fishbones (internal kink driven by EPs), neoclassi-
cal tearing modes (NTMs), edge localized modes (ELMs) in tokamaks, and magnetic
islands rotating with the plasma. More information can be found in Refs. [WC11;
Igo14]. The abundance of instability phenomena presents a challenge to detect and
classify the different types of instabilities.

1.6. Plasma diagnostics

There is a large variety of diagnostics used in fusion plasmas. They can be active or
passive, meaning that they either interact with the plasma or not. They can also play a
role in real-time control or be used for data collection and later analysis. The plasma
diagnostics used in Tokamaks