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ABSTRACT

Polarization-resolved second-harmonic generation (P-SHG) microscopy has been
increasingly used as a valuable tool to study the structure and optical features of non-
symmetric biological materials, such as collagen fibers. Nevertheless, there are some
practical limitations to using regular P-SHG imaging for whole biological samples,
including long acquisition times, high-resolution equipment expenses, and the risk of

laser-induced photodamage during imaging.

To overcome these limitations, in this thesis, we developed and tested a new way of
enhancing images. This approach employs the super-resolution generative adversarial
networks (ESRGAN) to clarify low-resolution P-SHG images with their structure and
accuracy intact. With this deep learning technique, we reduced the imaging time from
4.5 hours to merely 13.5 minutes - a more than 95% enhancement - without
compromising image quality. Using no-reference and full-reference metrics such as
MS-SSIM, PSNR, and NRMSE, extensive testing demonstrated that this approach

consistently preserves the key structural features necessary for biological analysis.

This approach was applied to imaging whole mammary gland samples, where precise
evaluation of collagen fiber anisotropy and orientation is crucial for understanding
tissue architecture and identifying pathological modification. Upscaled images
indicated incredible compatibility with advanced analytical techniques such as
CurveAlign, allowing for exact evaluations of collagen structures. This technique
improved imaging speed and quality while also reducing laser exposure, preventing
sample damage, and preserving tissue chemical and morphological integrity.
Furthermore, the ability to use low-cost optical components significantly decreased

the financial barriers to using P-SHG microscopy.

The ESRGAN-based approach has diverse applications, including large-scale
imaging, clinical diagnostics, and tissue engineering. However, problems persist,
such as dependency on high-resolution training datasets and unexpected smoothing

effects which hide finer internal structural differences. Future research could address
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these limitations by creating general models that learn directly from low-resolution

information and using domain-specific restrictions to improve structural fidelity.

In conclusion, this thesis offers an innovative framework for high-resolution, high-
throughput P-SHG microscopy that overcomes typical trade-offs between speed,
resolution, and preventing sample damage. The proposed method has the potential to
improve biological imaging by enabling fast, low-cost, and high-quality image

acquisition, with major implications for biomedical applications.

Keywords: Polarization-resolved second harmonic generation (P-SHG); Deep
learning; Super-resolution generative adversarial networks (ESRGAN); Collagen
analysis; High-throughput imaging; Mammary gland development; Biological
imaging; Structural fidelity.
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RESUME

La microscopie par génération de second harmonique résolu en polarisation (GSH-P)
s’est imposée comme un outil précieux pour étudier la structure et les propriétés
optiques des matériaux biologiques non-centrosymétriques, tels que les fibres de
collagéne. Cependant, 'utilisation classique de la microscopie GSH-P pour des
¢chantillons biologiques entiers présente des limitations pratiques, notamment des
temps d’acquisition prolonggés, le cott élevé des équipements a haute résolution, et le

risque de photo-dommages induits par le laser au cours de 1’imagerie.

Pour surmonter ces obstacles, ce mémoire propose et évalue une méthode innovante
d’amélioration d’images. Cette approche s’appuie sur les réseaux de génération
adversariales (GAN) a super-résolution (ESRGAN) pour clarifier les images GSH-P
a faible résolution tout en préservant leur structure et leur précision. Grace a cette
technique d’apprentissage profond, le temps d’imagerie a été réduit de 4.5 heures a
seulement 13.5 minutes, soit une amélioration de plus de 95 %, sans compromis sur
la qualité des images. Une évaluation approfondie, utilisant des métriques sans
référence et avec référence telles que MS-SSIM, PSNR et NRMSE, a démontré que
cette méthode conserve systématiquement les caractéristiques structurelles clés

nécessaires a I’analyse biologique.

Cette méthode a ¢été appliquée a l’imagerie d’échantillons entiers de glandes
mammaires, ou I’évaluation précise de 1’anisotropie et de I’orientation des fibres de
collageéne est essentielle pour comprendre I’architecture tissulaire et identifier les
modifications pathologiques. Les images revalorisées ont montré une excellente
compatibilité avec des techniques analytiques avancées telles que CurveAlign,
permettant une évaluation précise des structures de collagene. Cette technique a
permis d’améliorer simultanément la vitesse et la qualit¢ de 1’imagerie tout en
réduisant 1’exposition au laser, en prévenant les dommages aux échantillons et en
préservant 1’intégrité chimique et morphologique des tissus. De plus, la possibilité
d’utiliser des composants optiques a faible colit a considérablement diminué les

barrieres financieres a I’adoption de la microscopie GSH-P.
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L’approche basée sur ESRGAN offre des applications variées, y compris 1’imagerie
a grande échelle, le diagnostic clinique et I’ingénierie tissulaire. Cependant, certaines
limitations subsistent, comme la dépendance aux ensembles de données
d’entrainement haute résolution et les effets de lissage inattendus qui peuvent
masquer des variations internes plus fines des structures. Les recherches futures
pourraient résoudre ces limites en développant des modeles généraux capables
d’apprendre directement a partir de données basse résolution et en intégrant des

contraintes spécifiques au domaine pour améliorer la fidélité structurelle.

En conclusion, ce mémoire propose un cadre novateur pour I’imagerie GSH-P a haute
résolution et a haut débit, qui surmonte les compromis habituels entre vitesse,
résolution et sécurité des échantillons. La méthode proposée a le potentiel d’améliorer
considérablement I’imagerie biologique en permettant une acquisition rapide,
¢conomique et de haute qualité des images, avec des implications majeures pour la

recherche et les applications médicales.

Mots-clés: Génération de second harmonique résolu en polarisation (GSH-P) ;
Apprentissage profond ; Réseaux antagonistes génératifs a super-résolution
(ESRGAN) ; Analyse du collagéne ; Imagerie a haut débit ; Développement de la

glande mammaire ; Imagerie biologique ; Fidélité structurelle.



SYNOPSIS

Au cours de mon programme de maitrise sous la supervision du Professeur Francois
Légar¢, j’ai travaillé sur un projet combinant I’optique non linéaire et 1’intelligence
artificielle pour améliorer les techniques d’imagerie biologique. Avant de commencer
ce programme, mon expérience avec les méthodes optiques avancées était limitée.
Au cours des deux derniéres années, ce projet m’a permis d’acquérir une expertise
approfondie en microscopie non lin¢aire et en apprentissage profond. Plus
précisément, mes recherches se sont concentrées sur le développement d’une
approche innovante d’imagerie par génération de second harmonique polarisée

(GSH-P) pour I’étude des tissus biologiques, en particulier les fibres de collagéne.

L’imagerie GSH-P a émergé comme un outil essentiel pour étudier les propriétés
structurelles des tissus biologiques non centrosymétriques, tels que les fibres de
collagéne. Malgré ses capacités avérées, les techniques d’imageriec GSH-P
conventionnelles rencontrent des défis importants, notamment des temps
d’acquisition prolonggs, la nécessité d’équipements cotiteux a haute résolution, et le
risque de photo-dommages aux échantillons biologiques sensibles pendant
I’imagerie. Ces limitations ont freiné 1’adoption plus large de I’imagerie GSH-P dans

les études biologiques a grande échelle et les diagnostics cliniques.

Pour répondre a ces défis, ce mémoire propose une approche innovante qui intégre
des techniques avancées d’apprentissage profond aux méthodes traditionnelles
d’imagerie GSH-P. Plus précisément, nous avons développé et validé une méthode
basée sur les réseaux antagonistes génératifs a super-résolution améliorée (ESRGAN)

pour améliorer la résolution des images GSH-P a basse résolution d’un facteur de
16X. Cette approche réduit considérablement le temps d’imagerie—de 4.5 heures a

seulement 13.5 minutes—tout en maintenant la fidélité structurelle et la précision
analytique des images. En s’appuyant sur cette base, ce mémoire vise a relever ces
défis en proposant un cadre innovant qui combine les forces de 1’apprentissage

profond et de 1I’imagerie optique non linéaire. Dans les sections suivantes, nous
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introduisons briévement le contexte, les objectifs et la méthodologie de ce travail, en

mettant en évidence ses contributions au domaine.
Introduction et Défis

La microscopie optique biomédicale est un domaine en constante évolution,
essentielle pour I’analyse des structures biologiques complexes. Parmi les différentes
techniques, la génération de second harmonique (GSH) est un processus optique non
linéaire qui a émergé comme un outil puissant pour 1’imagerie biologique. En
exploitant I’interaction de la lumiére laser incidente avec des structures non
centrosymétriques, la GSH permet une imagerie sans marquage avec une haute
résolution spatiale. Ce phénoméne découle des propriétés intrinséques des tissus
biologiques comme le collagéne, qui ne possédent pas de centre d’inversion. La
microscopie GSH s’est imposée grace a sa capacit¢ a fournir des images a fort
contraste sans photoblanchiment ni utilisation de colorants fluorescents, ce qui la rend
particuliérement adaptée a 1’étude des structures biologiques délicates. La technique
est largement utilisée dans des applications allant de 1’ingénierie tissulaire au
diagnostic du cancer, en raison de sa nature non invasive et de sa capacité a révéler
des détails structurels et fonctionnels au niveau moléculaire. Pour mieux
contextualiser ces avancées, il convient de rappeler que la microscopie GSH tire son
origine des travaux pionniers sur les phénomenes non linéaires dans les années 1960,
avec la démonstration expérimentale de la génération de second harmonique par
Franken et al. en 1961. Depuis lors, cette technique a évolué pour devenir un pilier
de I’imagerie biomédicale, en particulier pour visualiser des composants comme le
collagéne sans altérer les échantillons. Cependant, malgré ces atouts, I’imagerie GSH
reste confrontée a des défis techniques persistants qui limitent son déploiement a

grande échelle.

En s’appuyant sur les principes de la GSH, la génération de second harmonique
polarisée (GSH-P) étend les capacités de ’imagerie GSH traditionnelle en fournissant
des informations supplémentaires sur 1’orientation et I’anisotropie des structures
fibrillaires, telles que les fibres de collagéne. La GSH-P y parvient en analysant

comment le signal GSH varie avec I’état de polarisation de la lumiére laser incidente,
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offrant des informations sur ’organisation et 1’alignement des fibres au sein des
tissus. Cela en fait un outil précieux pour étudier des processus tels que le

développement tissulaire et les altérations pathologiques.

Malgré ses avantages, 1’imagerie GSH-P conventionnelle est contrainte par des
limitations pratiques, notamment des temps d’acquisition prolongés, la nécessité de
composants optiques a haute résolution et le risque de photo-dommages induits par
le laser sur les échantillons. Ces défis soulignent la nécessité d’innovations permettant
d’améliorer la vitesse et la résolution de I’imagerie tout en préservant I’intégrité des

échantillons.

11 est important de noter que ces limitations ne sont pas uniquement techniques mais
aussi €économiques et pratiques. Par exemple, les temps d’acquisition longs
augmentent non seulement le risque de dommages aux échantillons sensibles, mais
ils rendent également 1’imagerie GSH-P moins viable pour des applications en temps
réel ou en milieu clinique, ou la rapidité est essentielle. De plus, la dépendance a des
équipements haut de gamme exclut souvent les laboratoires avec des ressources

limitées, freinant ainsi la démocratisation de cette technologie prometteuse.

Dans ce contexte, les réseaux antagonistes génératifs a super-résolution améliorée
(ESRGAN), une méthode basée sur I’apprentissage profond, offrent une solution
prometteuse pour améliorer la résolution des images tout en réduisant le temps
d’acquisition et les cofits. Cette approche propose une solution transformatrice pour
surmonter les compromis entre vitesse, résolution et sécurité¢ des échantillons en
imagerie biologique. En s’appuyant sur le cadre des réseaux antagonistes génératifs
a super-résolution (SRGAN), ESRGAN améliore la qualité perceptuelle et la
précision de reconstruction grace a des innovations telles que les blocs denses
résiduels-dans-résiduels (RRDB). Ces raffinements surmontent les limites des
méthodes traditionnelles, qui privilégient souvent la précision numérique au
détriment des détails visuels. En exploitant des architectures avancées de réseaux
neuronaux, ESRGAN offre une approche transformatrice pour I’imagerie

biomédicale, répondant aux défis clés en matic¢re de résolution et d’efficacité.
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Pour approfondir, ESRGAN se distingue par son utilisation d’un discriminateur
relativiste, qui évalue non seulement si une image est réelle ou générée, mais aussi le
degré de réalisme relatif entre les deux. Cela permet une reconstruction plus fidéle
des textures et des structures fines, ce qui est particulierement pertinent pour
I’imagerie GSH-P ou la préservation des orientations fibrillaires est cruciale. Ainsi,
cette intégration d’apprentissage profond représente un pont entre 1’optique
traditionnelle et les technologies numériques modernes, ouvrant la voie a des

innovations hybrides.
Objectifs et Innovations

L’objectif principal de ce mémoire est de surmonter les limitations des techniques
d’imagerie GSH-P conventionnelles en développant une approche innovante utilisant
ESRGAN pour améliorer les images GSH-P a basse résolution. Cette méthode permet
une augmentation de la résolution des images tout en réduisant le temps d’acquisition
de plus de 95 %, ouvrant de nouvelles possibilités pour une analyse biologique rapide

et précise.

Sur le plan expérimental, des protocoles stricts de calibration ont été établis pour
garantir la comparabilité entre images LR et HR. Cela inclut la correction d'intensité
liée a la réponse du détecteur, I'alignement spatial entre acquisitions polarisées et la

gestion des aberrations optiques via des étalonnages réguliers.
Les objectifs spécifiques de cette recherche incluent:

1. Préserver les détails structurels critiques nécessaires a I’analyse biologique : La
préservation de I’intégrité structurelle est essentielle pour analyser des structures
non centrosymétriques comme les fibres de collagéne. L’imagerie GSH-P
traditionnelle repose sur des données haute résolution pour capturer avec
précision ’orientation et 1’anisotropie des fibres. En utilisant ESRGAN, cette
méthode garantit que les images a basse résolution améliorées conservent les
détails essentiels. Les fonctionnalités avancées telles que les blocs denses
résiduels-dans-résiduels (RRDB) améliorent a la fois la qualité perceptuelle et la

fidélité structurelle, permettant une analyse précise a 1’aide d’outils comme
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CurveAlign tout en soutenant des interprétations biologiques exactes. Cet objectif
s’inscrit dans une perspective plus large ou la fidélité structurelle n’est pas
seulement une question technique, mais un enjeu scientifique fondamental. Par
exemple, dans 1’étude des tissus mammaires, une perte de détails pourrait
masquer des anomalies pathologiques subtiles, comme des réarrangements
collagéniques associés au cancer. ESRGAN, en maintenant ces détails, facilite
une analyse plus robuste et reproductible, renforcant ainsi la validité¢ des
conclusions biologiques tirées des images.

Améliorer la vitesse d’acquisition tout en minimisant les photo-dommages : Les
temps d’imagerie prolongés dans 1’imagerie GSH-P traditionnelle augmentent
I’exposition au laser, entrainant des risques de photo-dommages susceptibles
d’altérer 1’intégrit¢ des échantillons. En exploitant ESRGAN, le temps
d’imagerie est réduit de plus de 95 % sans compromettre la qualité des images.
Cette amélioration significative minimise [’exposition au laser, préservant
I’intégrité chimique et morphologique des échantillons, rendant la méthode
hautement adaptée aux études biologiques sensibles. Au-dela de la réduction
temporelle, cette innovation a des implications éthiques et pratiques, notamment
en minimisant les dommages aux échantillons rares ou précieux, tels que ceux
issus de modeles animaux ou de biopsies humaines. Elle permet également
d’envisager des protocoles d’imagerie in vivo plus slrs, ou 1’exposition laser
prolongée pourrait autrement causer des effets indésirables sur les tissus vivants.
Réduire les colts en permettant |’utilisation de composants optiques moins
coliteux : L’imagerie haute résolution nécessite généralement des composants
optiques colteux, tels que des objectifs et des détecteurs avancés, limitant
I’accessibilité. Cette approche réduit la dépendance a ces équipements en
générant des images de haute qualité a partir de données basse résolution. Cette
stratégie économique abaisse les barri¢res a 1’adoption, rendant I’imagerie GSH-
P accessible aux petites institutions et évolutive pour des applications a haut
débit, y compris les diagnostics cliniques et les usages industriels. Cette réduction
des colts n’est pas anecdotique ; elle pourrait démocratiser [’acces a 1’imagerie

avancée dans des contextes sous-financés, comme les pays en développement ou
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les laboratoires universitaires modestes. De plus, en favorisant 1’utilisation de
composants standards, elle encourage ’innovation ouverte et la collaboration

interdisciplinaire entre opticiens, biologistes et informaticiens.
Méthodologie

Cette recherche adopte une approche interdisciplinaire, combinant 1’optique non
linéaire et les techniques d’apprentissage profond. Les principales étapes sont les

suivantes:

* Configuration d’imagerie: Le systtme d’imagerie se compose d’une
configuration de microscopie GSH et GSH-P personnalisée, congue pour une
haute précision et flexibilité. Un laser femtoseconde est utilis¢é comme source
lumineuse, et un objectif a haute ouverture numérique assure une focalisation
efficace du faisceau laser. L’imagerie GSH-P est réalisée en faisant varier la
polarisation du faisceau laser incident et en capturant les signaux GSH résultants
a travers plusieurs états de polarisation. Cette configuration permet I’acquisition
d’images GSH haute résolution ainsi que d’images GSH-P basse résolution avec
des temps d’acquisition réduits. Cette configuration a été optimisée pour
équilibrer sensibilité et robustesse, en intégrant des éléments comme un
modulateur acousto-optique pour contrdler 1’intensité laser et minimiser les
artefacts. Des tests préliminaires ont validé sa stabilité¢ sur des échantillons de
référence, assurant une reproductibilité des données essentielles pour les étapes
ultérieures d’analyse.

* Acquisition de données : Des images GSH haute résolution d’échantillons de
glandes mammaires ont été capturées a I’aide d’un systéme d’imagerie avancé,
atteignant une résolution de 1800 x 800 pixels avec une taille de pixel de 10 um.
Ce niveau de détail élevé permet une visualisation claire des caractéristiques
structurelles complexes, telles que la ramification épithéliale et la formation de
bourgeons terminaux, essentielles a la compréhension du développement des
glandes mammaires. Chaque image GSH nécessite environ 18 minutes de temps
d’imagerie, fournissant une référence robuste pour des analyses ultérieures. Pour

¢tendre ces capacités, I’imagerie GSH polarisée (GSH-P) a été utilisée,
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permettant une analyse détaillée de I’orientation et de I’anisotropie des fibres de
collagene. Les images ont été enregistrées a 18 angles de polarisation, par pas de
10° de 0° a 170°. Cette méthode exploite une lame demi-onde pour contrdler la
polarisation laser et capture des détails structurels critiques tout en réduisant
significativement les temps d’acquisition. Ensemble, I’imagerie GSH et GSH-P
fournissent un ensemble de données complet pour évaluer 1’alignement du
collagéne et I’organisation des tissus. L’acquisition a été menée sur des
¢chantillons provenant de modeéles murins, préparés avec soin pour préserver
I’intégrité tissulaire. Des protocoles de fixation et de montage ont ét¢ affinés pour
¢viter toute altération artificielle des structures collagéniques, garantissant que
les données reflétent fidélement les propriétés biologiques in vivo.

Amélioration des images via ESRGAN: L’algorithme ESRGAN a été utilisé pour
améliorer la résolution des images GSH-P basse résolution. La méthode garantit
la fidélité structurelle et préserve la qualité perceptuelle critique, permettant aux
images améliorées de répondre aux normes de leurs homologues haute résolution.
Le modéle ESRGAN a été entrainé sur un ensemble de données spécifiques a
I’imagerie GSH, incluant des paires d’images basse et haute résolution pour
affiner ses parametres. Des hyperparamétres comme le taux d’apprentissage et le
facteur de scaling ont été ajustés itérativement pour optimiser la performance sur
nos échantillons biologiques.

Validation des résultats : Les images améliorées ont été rigoureusement évaluées
par rapport aux références haute résolution a 1’aide de métriques de qualité
établies, notamment MS-SSIM (Indice de Similarité de Structure Multi-Echelle),
PSNR (Rapport Signal sur Bruit de Pic) e¢ NRMSE (Erreur Quadratique
Moyenne Normalisée). Ces métriques confirment que les images améliorées
conservent les détails structurels essentiels nécessaires a une analyse biologique
précise. La validation a inclus des tests statistiques avancés, comme ’ANOVA,
pour détecter toute différence significative entre les images originales et
améliorées. Ces évaluations ont été complétées par des analyses qualitatives
impliquant des experts en biologie pour confirmer la pertinence biologique des

résultats.
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Résultats et Applications

Les images GSH et GSH-P haute résolution ont fourni des informations détaillées sur
la structure des échantillons de glandes mammaires, capturant des caractéristiques
complexes nécessaires a 1’analyse du collagéne. Cependant, les images basse
résolution (225 x 100 pixels) manquaient de netteté pour des études GSH-P efficaces.
Pour y remédier, nous avons utilisé¢ le modele Ultrasharp 4X basé sur ESRGAN, qui

a amélioré ces images a 3600 x 1600 pixels, réalisant une amélioration de résolution
de 16X, Les métriques de controle qualité, notamment MS-SSIM, PSNR et NRMSE,

ont validé la fidélité structurelle des images améliorées par rapport a leurs
homologues haute résolution. De plus, des métriques sans référence telles que NIQE
et PIQE ont confirmé des améliorations de la qualité perceptuelle, tandis qu’une
analyse ANOVA n’a révélé aucune différence structurelle significative, soulignant la
fiabilité des résultats améliorés. Les images améliorées se sont révélées compatibles
avec CurveAlign, un outil avancé pour analyser I’alignement et I’anisotropie des
fibres de collagéne. L’amélioration a permis une évaluation précise de |’orientation
des fibres de collagene dans 1’ensemble de la glande mammaire, essentielle pour
comprendre les processus de développement et les changements pathologiques. Les
courbes d’intensit¢ GSH-P normalisées ont confirmé que le processus d’amélioration
préserve les propriétés biophysiques essentielles des échantillons tout en améliorant
la clarté visuelle. Cette méthode a significativement réduit le temps d’imagerie de 4.5
heures a 13.5 minutes, minimisé I’exposition au laser et pris en charge ’utilisation de
composants optiques moins colteux. Ces avancées non seulement améliorent
I’efficacité de I’imagerie, mais ouvrent également de nouvelles possibilités pour des
¢tudes a grande échelle, des diagnostics cliniques et d’autres applications d’imagerie

non linéaire.

Parmi les applications potentielles, on peut citer I’intégration de cette méthode dans
des pipelines de diagnostic automatisés pour détecter précocement des pathologies
comme le cancer du sein, ou les modifications collagéniques sont des biomarqueurs

clés. De plus, elle pourrait s’étendre a d’autres tissus fibrillaires, comme les tendons
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ou les vaisseaux sanguins, ¢largissant son impact en médecine régénérative et en

ingénierie tissulaire.

En résumé, I’approche basée sur ESRGAN ¢équilibre efficacement la vitesse, la
résolution et la précision en imagerie GSH-P, fournissant une solution robuste et

évolutive pour diverses applications biomédicales.
Introduction au Contenu du Mémoire

Pour offrir une vue d’ensemble compléte de la recherche, le mémoire est organisé en

six chapitres, chacun abordant un aspect critique du travail:

Chapitre 1 - Introduction : Ce chapitre introduit le domaine de la microscopie optique
biomédicale et son importance dans I’analyse des structures biologiques. Il expose la
signification du collagene dans le développement des glandes mammaires et explique
les principes de la génération de second harmonique (GSH) pour I’imagerie du
collagéne. De plus, il introduit la microscopie GSH polarisée et examine comment
les techniques d’apprentissage profond peuvent répondre aux limitations de
I’imagerie conventionnelle. Ce chapitre pose les bases théoriques en reliant 1’histoire
de la microscopie non linéaire a ses applications contemporaines, soulignant
comment les avancées en intelligence artificielle comblent les lacunes actuelles pour

une imagerie plus accessible et performante.

Chapitre 2 - Génération de Second Harmonique : Ce chapitre fournit un cadre
mathématique détaillé pour la GSH, y compris la polarisation non linéaire,
I’appariement de phase et les considérations d’intensité. Il explore I’application de la
GSH dans les tissus de collageéne et examine les principes sous-jacents a I’imagerie
GSH polarisée. Il approfondit les modeles physiques, tels que la susceptibilité non
linéaire et les tensors d’hyperpolarisabilité, pour expliquer pourquoi le collagéne est
un émetteur SHG privilégié, et discute des implications pour [’analyse

polarimétrique.

Chapitre 3 - Apprentissage Machine: Ce chapitre présente un apercu de
I’apprentissage machine, en mettant ’accent sur ses applications dans 1’amélioration

d’images. Il discute des réseaux neuronaux artificiels, de 1’apprentissage profond et
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de I’architecture ESRGAN, en soulignant les avancées en matiére d’imagerie a super-
résolution pour les applications biologiques. En particulier, il compare ESRGAN a
d’autres modeles GAN pour illustrer ses avantages en termes de qualité perceptuelle

et de fidélité structurelle, avec des exemples d’applications en imagerie médicale.

Chapitre 4 - Configuration Expérimentale et Préparation des Echantillons: Ce
chapitre détaille la configuration expérimentale pour I’'imagerie GSH et GSH-P, y
compris les sources laser, les systémes d’imagerie et les protocoles de préparation des
¢chantillons. Il établit la base méthodologique pour I’application d’ESRGAN a
I’imagerie biologique. Des schémas détaillés et des descriptions des calibrations sont
inclus pour assurer une reproductibilité, en soulignant les adaptations spécifiques aux

échantillons mammaires.

Chapitre 5 - Accélération de I’Imagerie GSH-P avec 1’Amélioration par
Apprentissage Machine : Ce chapitre constitue la contribution principale du mémoire.
Il décrit ’application d’ESRGAN pour améliorer la résolution des images GSH-P,
¢value les performances du modele a 1’aide de métriques de qualité, et démontre les
avantages pratiques de cette approche pour réduire le temps d’imagerie et améliorer
la qualité¢ des images. Il présente des résultats quantitatifs et qualitatifs, avec des
comparaisons visuelles et des analyses statistiques, pour valider I’efficacité de

I’approche dans des contextes biologiques réels.

Chapitre 6 - Conclusion : Le dernier chapitre résume les principales conclusions, met
en évidence les contributions de la recherche au domaine de I’imagerie biologique et
suggere des directions potentielles pour les travaux futurs, notamment le
développement de modeles généralisés et I’application de ces techniques a d’autres

modalités d’imagerie.

Ce synopsis sert d’introduction compléte au mémoire, fournissant aux lecteurs une
compréhension claire des objectifs, des méthodologies, des résultats de la recherche

et de leurs implications plus larges dans le domaine de I’imagerie biologique.
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Chapter 1: Introduction



1.1 Biomedical Optical Microscopy

Optical microscopy has been a cornerstone of biomedical research since the 17th
century, when Robert Hooke first described the cellular structure of cork, introducing
the concept of "cells" [1]. The contributions of Antonie von Leeuwenhoek in the late
17th century significantly advanced the field, with his meticulous observations of
bacteria, spermatozoa, and muscle banding patterns using improved lenses [2,3].
These discoveries established optical microscopy as a vital tool for exploring life at
microscopic level. In the early 19th century, Marie Francois Xavier Bichat [4] and
Rudolf Carl Virchow [5] pioneered the use of microscopes in pathological anatomy,
enabling the visualization of tissue structures associated with disease, such as
cellular patterns in plague patients [6]. Toward the late 19th century, microscopy was
limited by poor resolution, chromatic aberrations, and the absence of a theoretical
framework for optical design. Ernst Abbe addressed these challenges by formulating
a wave-based theory of image formation and defining the diffraction limit of
resolution. Carl Zeiss applied Abbe’s theory in manufacturing, standardizing high-
performance microscopes. Meanwhile, Otto Schott developed new optical glasses
with controlled dispersion, enabling the creation of apochromatic lenses that
minimized color distortion. Their combined efforts led to the development of
apochromatic lenses and marked a turning point in achieving higher resolution and
image fidelity in optical microscopy [7]. These innovations laid the foundation for

modern microscopy, greatly enhancing its precision and diagnostic capabilities.

The evolution of optical microscopy has been driven by a range of technological
advancements, including improved optical components (such as high numerical
aperture objectives and advanced lens coatings), the development of diverse light
sources (e.g., lasers, LEDs, and halogen lamps) [8,9], the introduction of highly
sensitive photodetectors [10,11], and significant progress in computational power,
data transfer speeds, and software capabilities. These developments have expanded
the scope of microscopy, enabling high-resolution imaging of complex biological
systems. Recent innovations in optical imaging, such as nonlinear microscopy, super-

resolution, and other advanced modalities, have significantly expanded its impact



across biology, medicine, physics, and chemistry [13]. Nonlinear optical microscopy,
in particular, has gained prominence over the past three decades due to its ability to
image non-centrosymmetric structures, such as collagen fibers, myosin, and
microtubules without exogenous labels [14]. The theoretical foundations of two
photon absorption and emission processes were established by Maria Goppert-Mayer
in 1951 [15]. The low probability of nonlinear processes necessitates high-intensity
light sources, and the invention of the laser [8] was a pivotal milestone. The first
nonlinear optical phenomenon, second-harmonic generation (SHG), was
demonstrated by Franken et al. in 1961, using a ruby laser to generate second-

harmonic light from a quartz crystal [16].

The application of nonlinear optical microscopy marked a significant advancement
in biomedical imaging. The first scanning nonlinear optical microscope, developed
by Sheppard and Kompfner in 1978, utilized second-harmonic generation (SHG) to
produce high-contrast images without exogenous labels [17]. Contemporary
nonlinear optical microscopy encompasses a range of modalities, including SHG
[17,18], third-harmonic generation (THG) [19], coherent anti-Stokes Raman
scattering (CARS) [20], stimulated Raman scattering (SRS) [21], multiphoton
excitation fluorescence (MPEF) [22], sum-frequency generation (SFG) [23], and
four-wave mixing (FWM) [24]. These techniques leverage the nonlinear interaction
of intense laser light with biological tissues to achieve high-resolution, depth-
resolved imaging with minimal phototoxicity, making them invaluable for studying

complex biological systems [14].

In recent decades, these modalities have been applied across diverse disciplines. For
instance, MPEF has enabled in vivo imaging of human skin in dermatology, revealing
cellular details without invasive procedures [25], and long-term imaging of synaptic
plasticity in the adult cortex, advancing neurobiology [26]. In embryology, MPEF
facilitates non-destructive monitoring of embryo development over 24-hour intervals,
providing insights into developmental dynamics [27]. THG has been instrumental in
eye biology for visualizing corneal structures [28], and in pathology for analyzing

tissue morphology [29]. SHG, the focus of this thesis, has been widely used in



pathology to distinguish normal from diseased tissues by visualizing structural
changes in non-centrosymmetric molecules such as collagen, myosin in muscle
fibers, and microtubules in neurons. In particular, collagen remodeling serves as a
key biomarker in diseases like breast cancer [32-33]. SHG has been adapted for in
vivo imaging through endoscopic configurations, allowing label-free structural

visualization of tissues in clinical and preclinical settings [34].

SHG is a coherent second-order nonlinear optical process, in which two photons of
identical frequency interact simultaneously with a non-centrosymmetric medium to
generate a single photon at exactly twice the frequency (or half the wavelength) [18].
Unlike MPEF microscopy, SHG does not involve real electronic transitions or
molecular absorption; instead, it proceeds via a virtual energy state and arises from
the induced nonlinear polarization in the medium. This absence of real electronic
excitation substantially minimizes photobleaching and phototoxicity in biological
samples, making SHG highly suitable for label-free imaging [18]. The intensity and
polarization of the emitted SHG signal are determined by both the structural
organization of the SHG-active material and the polarization state of the incident laser

beam [18, 35].

Beyond the overall SHG intensity, the sample’s response to variations in incident
polarization—as well as the polarization characteristics of the emitted SHG signal—
provides critical insight into the molecular alignment and orientation of SHG-active
structures. These polarization-dependent properties form the basis of polarimetric
SHG (P-SHG) microscopy, which involves systematically modulating the
polarization state of the excitation beam and analyzing the resulting SHG signal [35-
38]. While SHG intensity reflects the density and structural organization of nonlinear
emitters, P-SHG allows for more nuanced characterization by resolving fibrillar

orientation and degree of anisotropy.

This technique 1is particularly valuable in biological tissues, where non-
centrosymmetric molecules such as collagen serve as strong SHG sources. Collagen,
a major component of the extracellular matrix, exhibits a triple-helical molecular

structure that makes it highly responsive to P-SHG analysis [18]. In this thesis, we



employ P-SHG microscopy to investigate the orientation and spatial organization of
collagen fibrils in mammary gland samples. Mapping collagen alignment and
remodeling can provide meaningful biomarkers of physiological and pathological

changes, including tissue development and cancer progression [32].

Despite its powerful capabilities, P-SHG microscopy faces practical limitations, such
as long acquisition times and the requirement for high-intensity laser excitation,
which constrain its application in large-scale or in vivo imaging. These challenges
motivate the development of advanced strategies to enhance acquisition speed,

sensitivity, and overall imaging throughput for clinical and biomedical use.

1.2 Mammary gland development

The mammary gland is a highly specialized organ critical for the nourishment and
survival of mammalian offspring, exhibiting remarkable structural and functional
adaptability throughout development and into adulthood [1,40]. Its ability to undergo
dynamic remodeling in response to hormonal and environmental cues underscores its

significance in both normal physiology and pathological conditions [41].

Mammary gland development progresses through four primary stages: embryonic,
pubertal, adult, and reproductive. During embryogenesis, a rudimentary ductal
system forms, comprising a primary duct with limited branching [1]. This ductal
framework is evident at birth and remains quiescent before puberty, growing at a pace
matching with overall body development [40]. At puberty, estrogen and other
systemic hormones stimulate ductal elongation and branching, leading to increased
structural complexity. From puberty to adulthood, progesterone-driven estrous cycles
promote side branching, resulting in an intricate ductal network that spans the entire
fat pad [40]. During pregnancy, progesterone and prolactin, among other hormones,
induce the formation of alveolar clusters on small side branches, preparing the gland

for lactation [1,40].

Following the weaning period, the mammary gland undergoes a remodeling process,
the involution, reverting the gland almost to its adult state. Overall, the development

of the mammary gland is controlled by a complicated system of hormones from the



body and growth factors in the surrounding area [42]. It is interesting to note that a
lot of the pathways and processes disrupted in breast cancer are connected to those
that regulate the normal development and restructuring of the mammary gland (Fig.

1.1) [42].

Embryo Puberty Adult Pregnancy

Notch1 Notch2
Notch1 DLL1 Notch3 Numb/NumbL Notch3 Notch3 Noitch4 EIf5

Involution Lactation

Fig. 1.1 Illustration showing the growth of the mammary gland after birth. Development of
mammary glands consists of four main stages: embryonic, pubertal, adult, and reproductive. As
per previous studies, Notchl controls the differentiation of epithelial cells in embryonic
development. DLL1, Notch3, and Numb/NumbL impact the mammary gland. Stretching of the
duct and growth of side branches occur during puberty. Additionally, Notch3 controls the
development of ductal side branches in adult stages. Throughout pregnancy, the Notch1-4 proteins
play a role in controlling the formation of alveolar cells and milk production. Furthermore, EIfS
may also play a role in pregnancy by interacting with Notch signaling [42].
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Fig. 1.2 Schematic overview of extracellular matrix and its major components. Although the ECM

composition varies depending on the tissue, the matrix is mainly composed of a variety of fibrous
proteins (collagen, elastin, fibronectin, and laminin) and polysaccharides that are secreted locally
and assembled into an organized meshwork in close association with the surface of the cell that
produced them [43].



During its entire development, from prepuberty to involution, the mammary glands
undergo various changes involving different types of cells composing the epithelium
and the stroma, including components of the extracellular matrix (ECM) shown in
Fig. 1.2 [44]. Reorganization of the ECM is a key process in both ductal elongation
at puberty and alveologenesis during the pregnancy and lactation cycle [45]. The
ECM is the cellular scaffolding in tissues and organs without cells. The ECM also
significantly impacts tissue development, specialization, and balance [41]. ECM is
primarily made up of water, proteins, and polysaccharides. However, the structure
and arrangement of ECM in every tissue is distinct because of varying biochemical
and biophysical interactions among cellular components and the microenvironment
during organ development [46,47]. The ECM mainly comprises two categories of
large molecules: glycoproteins like fibronectin, proteoglycans and laminin, and

fibrous proteins such as collagen and elastin.

1.3 Collagen Structure

Collagen is the body’s most plentiful structural protein and makes up a large part of
the extracellular matrix in multicellular organisms, particularly in connective tissues
like tendons, ligaments and skin [48]. Its structure is organized in a hierarchical
manner from the molecular to the fibrillar level, which contributes to its mechanical
strength and functional versatility. The unique characteristics of collagen (with over
twenty genetically distinct varieties) in any tissue or organ are influenced by its
primary structure, post-translational modifications, and interactions with other
connective tissue components [48]. The various collagens are classified into fibrillar
or nonfibrillar types, depending on their supramolecular organizational patterns [49].
In general, collagen can be classified as fibrillar collagen, FACITs, MACITs, and
MULTIPEXINs, which consist of various triple-helix domains and interruptions [50].
There are total of 28 various forms of collagen made up of at minimum 46 separate
polypeptide chains, each serving a diverse array of functions, including offering
tensile strength, controlling cell adhesion, aiding chemotaxis and movement, and

guiding tissue growth [47].



In this study, we concentrate on fibrillar collagens, mainly type I collagen, which is
the most common type in the body and a primary target in SHG microscopy. This
preference arises because SHG microscopy is particularly effective to image type I
and type II collagens due to their strong nonlinear optical properties, which enhance
signal generation. The collagens that form fibers generally comprise a triple-helical

macromolecule with brief, nonhelical extensions at both ends [51].
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Fig. 1.3 (a) Sources of collagen type I and estimated amounts in various tissues. The cartilage
percentage reflects the total collagen in dry weight, with type II collagen being the dominant type.
(b) Structure of collagen fibers, fibrils, triple helices formed by alpha chains as tropocollagen, and
specific amino acid residues. (¢) The molecular arrangement of triple-helix and single-chain
collagen type I, featuring gly-x-y repeats, where x-y usually denotes proline and hydroxyproline,
respectively [54].
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Collagen serves as the primary structural component of the ECM. A triple helix

protein makes up 30% of the total protein in the human body [50]. Collagen can be



found in different tissues and organs [52] like tendons, cartilage, bones, skin,
ligaments, corneas, and basement membranes [53]. The way collagen is structured
and organized in three dimensions within the tissue plays a key role in determining
the functional properties of collagen-based tissues. Examining the alterations in
collagen assembly's microstructure is crucial in comprehending developmental,
disease, and regeneration mechanisms. As a result, it is essential to assess the
structural characteristics of collagen at various levels of hierarchy, spanning from

individual fibrils to groups of fibrils within the tissue.

Therefore, it is unsurprising that collagen has been extensively researched using
various chemical and physical techniques in recent decades to explore its chemical
and mechanical characteristics and its role in different tissues and settings [55]. The
collagen structure consists of three o polypeptide chains twisted around each other in
a right-handed triple-helix shape, resembling a rope (Fig. 1.3) Every polypeptide
chain is made up of a series of amino acids with a pattern where every third amino
acid is glycine (Gly), creating a repetitive X-Y-Gly sequence known as a triple-helical
motif. X and Y are commonly occupied by Proline (Pro) and Hydroxyproline (Hyp).
However, they can be any amino acid, resulting in Pro-Hyp-Gly being the most
prevalent motif in collagen [50]. This primary unit measures 290 nm in length and

has a diameter of 1.5 nm [56].

Collagen fibers possess a hierarchical organization within the tissue. In the initial
phase, the triple helical configuration self-organizes into medium-sized fibril
sections, referred to as microfibrils. Additionally, microfibrils cluster to form fibrils.
The diameter of collagen fibrils ranges from 10 to 500 nm, varying by tissue type
[57,61]. Collagen fibrils exhibit a regular pattern along the longitudinal axis known

as the D—periodic gap/overlap spacing or "D—spacing".

This consistent pattern of gap and overlap areas is visible in TEM images of collagen
fibrils, with the reported value of D = 67 nm in the literature [50]. The D—spacing
results from a displacement between adjacent molecules arranged in a staggered
formation. In the end, fibrils combine to form macroscopic fibers and networks seen

in tissues, bones, and basement membranes through cross-linking molecules. In



tendons, fibrils measure 100300 nm in diameter that combine to form fibers and
bundles, with a diameter ranging from 100—200 um [56]. In the cornea, the fibrils are
slender and exhibit a distinct higher-order arrangement. The self-assembly
mechanisms associated with collagen fibrillogenesis modify collagen characteristics
in various tissues, affecting the cornea's transparency, the tendon’s high tensile
strength, the bone's resistance, and the skin's elasticity. Moreover, these changes are

crucial in ECM pathology.

1.4  Second Harmonic Generation in Collagen

SHG microscopy is the favored technique for visualizing collagen in tissues due to
its excellent spatial resolution, minimal phototoxicity and photobleaching, selectivity
of the focal plane, and simple sample preparation [62]. This label-free imaging
method allows for observing alterations in fibrillar collagen within the mammary

gland, a feature unrivaled by other imaging techniques [62].

In Fig. 1.4, an illustration comparing one-photon and two-photon fluorescence, as
well as SHG, is presented alongside their energy diagrams. In fluorescent
microscopy, a fluorophore is initially excited to a higher energy state after absorbing
a high-energy photon. As a result, a portion of the absorbed energy is dissipated via
vibrational relaxation, and the leftover energy is emitted as a lower-energy photon
when the fluorophore reverts to its ground state [58]. In two-photon fluorescence, two
photons of lower energy are absorbed simultaneously to excite the fluorophore with
the help of an intermediate "virtual" state. Just like in the one-photon scenario, the
shift from the ground state to the excited state also includes molecular absorption and
the subsequent release of a fluorescence photon [58]. Fluorescence is incoherent with
the excitation photons, as it is a spontaneous emission process. Furthermore, the
intrinsic energy absorption associated with both one-photon and two-photon
fluorescence has the potential to induce photodamage in the fluorophore as well as in

surrounding biological tissues.
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Fig. 1.4 Illustration of one-photon, two-photon and SHG energy diagram. The thick black lines
represent the ground state. Thin gray lines represent electronic states, and dashed lines represent
virtual states. Different colored solid arrows indicate the incident and generated photons.

Upon photon absorption, a fluorophore undergoes a transition to an excited state; the
subsequent relaxation mechanisms may produce heat or reactive species, which can
result in chemical alterations or degradation [59]. In comparison, SHG functions
through a process that does not require medium absorption. Two lower-energy
photons interact within a nonlinear medium, generating a single photon with twice
the energy (or half the wavelength) of the original photons [58]. In this process,
molecular absorption does not occur, significantly minimizing photo-damage. The
correlation between the incoming photons and the emitted SHG photon is preserved

[58].

1.4.1 Origin of SHG from collagen

As mentioned, SHG can only be generated from samples with non-centrosymmetric
structures, such as collagen [60]. At the macroscopic level, the SHG signal is
represented by the second-order susceptibility tensor, ¥®. In contrast, on a molecular
scale, the strength of SHG is characterized by the first hyperpolarizability tensor, B.
The hyperpolarizability relies on the composition and arrangement of the molecules
that make up collagen. Numerous studies have examined the connection between the

first hyperpolarizability, the molecular makeup and arrangement of collagen, and the
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second—order susceptibility of collagen [56,63-69]. Nonetheless, investigating this
relationship experimentally is not straightforward. Consequently, computational and
modeling methods can address this issue [68].

A collagen triple-helix can be considered as a set of simple dipoles placed along the
protein backbone (Fig. 1.5) [65]. Presuming that all the collagen triple-helix
components are properly aligned along a shared axis, the SHG signal for fibrillar
collagen can be understood as the coherent summation of the hyperpolarizabilities of

the individual building blocks [71,72].
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Fig. 1.5 Representation of SHG signal generation from collagen-I. The peptide bonds of the
collagen chains create a permanent dipole moment along the triple helix that allows second
harmonic generation [65].

While this interpretation is broadly accepted in the discipline, another study has
challenged it [70]. In research conducted by Tuer et al., a modelling approach
(Segment Additivity Model) is utilized to assess the impact of different amino acids,
and the findings were illustrated using a creative technique known as Unit Sphere
Representation [70]. The findings indicated that several non-zero elements exist in
the hyper-polarizability tensors of the amino acids, contradicting earlier reported
results [70]. Nonetheless, due to the arrangement of the amino acids within the
collagen triple-helix, the coherent summation of hyperpolarizabilities yields SHG
dipoles adjacent to the Co—N—C backbone, as suggested by Plotnikov et al [71]. This
outcome may clarify why the SHG signal reaches its peak when the polarization of
the incoming laser beam is nearly aligned with the axis of the collagen fibrils. The
collagen molecules subsequently organize into fibrils exhibiting identical polarity

[73].
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1.4.2 Current models interpret SHG based on collagen's structure

Various models have been suggested to account for the notable backward-generated
SHG from collagen tissues. Williams et al. assign the SHG to a thin surface layer
measuring ten of nanometers in thickness, which decreases the interaction length
within the collagen, making it comparable to the coherence length for backward SHG
[67]. To support this, Fig. 1.6 shows the hollow tube-like structure of the resolvable
fibrils [67]. Nonetheless, this model only tackles the SHG from one fibril. Collagen
fibers consist of numerous fibrils, and as SHG is a coherence phenomenon, the SHG
generated by one fibril can interact with the SHG produced by neighboring fibrils.
This interaction can significantly affect the overall SHG signal within the focal
volume of the imaging system, influencing the observed results [65]. Therefore, this
model is unable to account for the collective contribution of all fibrils in the fiber to
the total SHG signal.

An additional explanation arises from the observation that type I collagen fibrils
typically create highly structured quasi-crystalline formations. It has been
acknowledged that the biological realm has developed a wide array of systems that
function to control light transmission and vibrant appearance. The direction of
emission relies on both the fibrils' size and the fibril structure's density and
organization [74]. LaComb et al. connect the various phase mismatches Ak in both
forward and backward directions to the diameter and packing of fibrils within the
quasi-phase matching (QPM) theory framework [75,76]. QPM attains effective phase
matching by adjusting the relative phase at consistent intervals, utilizing a periodic
structure incorporated in the nonlinear medium [77]. Nonetheless, the authors only
offer a heuristic approach, leaving the relationship between the Ak and the actual
fibril structure unexplained.

As aresult, SHG microscopy has been crucial in collagen research; nonetheless, using
only SHG intensity for orientation studies may cause interference [79] and
complicating the imaging of fibril orientation [63]. To overcome these limitations,
polarization-resolved SHG microscopy (P-SHG) has been developed, providing the
advantages of SHG microscopy and polarimetry [51,63].
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Fig. 1.6 High resolution images revealing the hollow tube appearance of thick fibrils which can
be resolved by SHG microscopy. The hollow cores are marked by arrows [67].

1.5  Polarization resolved SHG microscopy

Polarization resolved second harmonic generation (PSHG) microscopy is an
advanced imaging technique that extends the capabilities of SHG microscopy by
integrating polarimetry to derive detailed alignment insights from non-
centrosymmetric biological entities [18]. This method enhances the ability to probe
the molecular alignment of samples by systematically varying the polarization state
of the incident laser beam and measuring the resulting SHG signal’s intensity and
polarization characteristics [36]. This approach facilitates the mapping of fibril
alignment and the evaluation of structural anisotropy, which are essential for
understanding tissue development and pathology [38].

The unique structure of collagen, which lacks inversion symmetry at the wavelength
scale of light, enables it to generate SHG light in collagen. However, due to the slight
birefringence of collagen fibers, biological tissues do not perfectly satisfy the strict
phase-matching condition required for SHG. Instead, they exhibit quasi-phase
matching. In this scenario, the SHG light generated by collagen operates under a non-
phase-matching condition, where multiple scattering events within a coherent length
in the tissue cause the SHG light from individual collagen molecules to constructively
interfere. This constructive interference leads to coherent enhancement of the SHG
signal. Fig. 1.7 provides a summary of the relationship between collagen orientation
and laser polarization regarding SHG light. When the incident light is normal to the

cross-section of the collagen fiber, the SHG light from collagen is not obtained at any
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polarization angle. In an incidence configuration like this, the cylindrical symmetry
along the longitudinal axis in collagen molecules makes any laser polarization
centrosymmetric with respect to the collagen orientation, resulting the non-generation
of SHG light. However, other configurations induce SHG light because the relation
between the collagen orientation and the laser polarization is non-centrosymmetric
[79].

In particular, when the laser polarization is parallel to the collagen orientation, a
strong SHG light is observed. The polarization direction of the resultant SHG light is
consistent with that of the incident laser light. On the other hand, SHG light is
significantly weaker when the laser polarization is perpendicular to the collagen
orientation [79]. These polarization dependences reflect the nonzero elements of the
second-order susceptibility tensor (y(?)) in collagen molecules, the analytical model
of which is discussed elsewhere [18]. To confirm these relations, Yasui et al.
measured the collagen SHG light on the human Achilles tendon, which possesses a

well-defined uniaxial orientation in the collagen fiber [79].
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Fig. 1.7 Relationship between collagen orientation and laser polarization with respect to the
generation of SHG light [79].

The resulting SHG was as anticipated strongest when the incident light polarization
direction was parallel to the longitudinal fiber direction and significantly weaker
when the collagen orientation and laser polarization were perpendicular to one

another (The ratio of SHG intensity between the two configurations was 50:1) [79].
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This outcome suggests that SHG polarimetry serves as an orientation-specific probe,
applicable not only to collagen but also to other non-centrosymmetric biological
structures [79]. Polarization-resolved SHG (P-SHG) microscopy offers additional
information and means of contrast beyond intensity-based SHG. As a conclusion, P-
SHG allows for the reconstruction of alignment maps by providing information on
several physiologically and pathologically relevant aspects that would not be possible
to obtain from intensity measurements alone such as the arrangement and structure
of the constitutive biomolecules [80]. The holistic perspective this method provides
on collagen alignment throughout the entire gland is crucial for a thorough
understanding of the developmental processes at work. However, it may have the
drawback of omitting some finer variations and fibers. Our study took advantage of
deep learnings capabilities to get around the cost and time constraints of whole-

sample P-SHG imaging.
1.6  Deep Learning for Image Enhancement

Recent advancements in deep learning have significantly impacted biomedical image
analysis, enabling accurate segmentation, classification, and enhancement of
complex imaging data [81-85]. One particularly promising application is enhancing
the resolution — the process of reconstructing high-resolution (HR) images from
low-resolution (LR) inputs — which is critical in biomedical contexts where
hardware limitations or acquisition speed impose constraints on imaging quality [88].
Deep learning methods have shown remarkable success across a wide range of tasks,
including image classification [86], speech and text recognition [87], by effectively
capturing complex and nonlinear patterns in high-dimensional data. Building on these
capabilities, deep learning has been increasingly applied to biomedical domains,
demonstrating outstanding performance in tasks such as brain image segmentation
[88], mitosis detection [89], disease diagnosis, and cellular structure analysis [90].

In microscopy, deep learning has been successfully applied to image analysis tasks
including tissue segmentation, cell detection, and image classification [91]. Artificial
Neural Networks (ANNs) are a class of machine learning models inspired by the

structure and function of biological neurons. They consist of interconnected layers of
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simple processing units (neurons) that learn to approximate complex mappings
between input and output data. Among the various ANN architectures, Convolutional
Neural Networks (CNNs) have emerged as particularly powerful for image-related
tasks [81,92]. CNNs are designed to automatically extract hierarchical features from
input images through convolutional layers, pooling operations, and nonlinear
activations. This ability to learn spatial hierarchies of features makes CNNs especially
well-suited for biomedical imaging applications, where complex patterns and fine
structural details must be efficiently recognized [93-95]. CNNs excel at target
classification because they learn hierarchical data representations [96] - progressively
abstracted features of input images - through supervised training, which uses labelled
datasets to guide the learning process. However neural networks for representation
learning can also use unsupervised learning, which uses unlabeled data to identify
patterns or structures [97,98]. For example, autoencoder, a type of unsupervised
neural network, has shown promise in microscopy image analysis by extracting
meaningful features on their own, eliminating the need for costly human annotations
[99]. This feature makes unsupervised learning particularly useful in applications
such as super-resolution techniques, which require high-quality outputs from low-
resolution data [97,98].

In recent years super-resolution (SR) methods have been developed for both natural
and medical images, enhancing the effectiveness of medical imaging as an essential
tool for diagnosing and treating patients [100]. Isotropic medical images in high-
resolution (HR) with comprehensive textural and structural information are necessary
for quantitative analysis and precise diagnosis [100]. The quality of medical images
is influenced by several factors, making it challenging to obtain high-quality images
in clinical practice. These factors include physiological movements, the time required
for image acquisition, hardware limitations, and the radiation dose that patients can
safely tolerate [100]. Along with being expensive upgrading image-capturing
equipment has limited potential to improve image quality [100]. Deep learning offers
a viable approach to have HR images.

Among deep learning-based super-resolution methods, Generative Adversarial

Networks (GAN) based methods have demonstrated significant improvement
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[101,102]. The GAN architecture makes use of the perceptual or content-based loss
function, i.e., the VGGI19 loss to get around the drawbacks of CNN-based SR
techniques. The application of a GAN which quantifies the perceptual feature
difference between the generated image and the high-resolution ground-truth image
is one essential component [62]. The discriminators’ ability to identify real data as
real and generated data as fake is gauged by its loss function. The ability of the
generator to trick the discriminator into acknowledging the generated data as
authentic data is gauged by the generator loss function. The generator seeks to
increase the likelihood that the discriminator will make a mistake [62].

The first SR technique based on GANs, known as Super-Resolution GAN (SRGAN),
was introduced in [103]. The ResNet34 architecture serves as the SRGANSs generator
extracting features from LR images. Upsampling was achieved through the use of a
sub-pixel convolution layer, which works by rearranging the feature map's pixels into
a higher resolution output, effectively increasing the image's size while preserving
details. Wang et al. made additional modifications to this approach [104]. They
employed multi-residual networks, i.e., residual-in-residual dense blocks. After each
convolutional layer, they also removed the batch normalization layer. When the batch
normalization layer was removed, the conventional SRGAN architecture performed
better. Compute complexity is increased by using nested or multiple residual blocks.
Jiang and co-workers proposed an edge-enhanced GAN for satellite image super-
resolution [105]. The architecture is composed of two main networks: The Edge-
Enhanced Sub-Network (EESN) and the Ultra-Dense Sub-Network (UDSN). The
EESN focuses on improving the sharpness of the edges in the image while also
removing any artifacts that may arise during the feature extraction process in the
UDSN. On the other hand, the UDSN is responsible for extracting important features
from the image and producing high-resolution output, with an emphasis on preserving
sharp edges for better detail [105]. Garnavi et al. used a GAN in combination with a
saliency map to generate HR retinal fundus images [106]. A saliency map emphasizes
the most important regions of an image, usually those that are most relevant for
analysis, such as blood vessels or lesions in retinal fundus images [106]. By

minimizing the GAN cost function, the saliency map effect effectively enhances the
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performance of GAN-based HR image generation [107]. Fig. 1.8 shows an example
of how LR can change to HR image by using GAN’s network [107].

Another advanced form of GAN is Enhanced Super-Resolution Generative
Adversarial Network (ESRGAN), which is a deep learning-based approach for image
super-resolution. The architecture of ESRGAN expands on the concept of GANs but

it adjusts enhance the super-resolution procedure [104].
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Fig. 1.8 An overall block diagram to show the two rounds of the feature extraction and 2x
GAN?’s upscaling [107].

Rather than depending only on pixel-wise similarity ESRGAN can concentrate on
capturing high-level features of an image like edges textures and structures thanks to
the perceptual loss function [104]. Images produced by ESRGAN seem realistic and
visually plausible to human viewers. A combination of perceptual loss (to preserve
visual quality) and adversarial loss (to guarantee realism) is used to train the
ESRGAN model. Iteratively updating the discriminator and generator networks
during the training process enhances the quality of the produced image over time
[104]. In Chapter 3, we will explore machine learning methods in more detail, with a
particular focus on ESRGAN, which was employed in our work to upscale the low-

quality P-SHG images of samples.
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In this work, we address key limitations in polarization-resolved SHG imaging of
biological tissues, particularly the trade-off between spatial resolution, acquisition
speed, and the risk of photodamage from prolonged laser exposure. High-resolution
P-SHG imaging of large samples, such as whole mammary gland tissues, often
requires long scanning times (up to several hours) and high numerical aperture optics,
making it impractical for routine or high-throughput applications. To overcome these
constraints, we explore the application of ESRGAN, specifically the Ultrasharp 4X
variant, for reconstructing high-resolution images from low-resolution acquisitions.
ESRGAN was selected due to its perceptual-driven architecture, which excels at
preserving fine structural features such as collagen fiber orientation and anisotropy—
critical for SHG analysis—while outperforming conventional interpolation or CNN-
based methods. By integrating this deep learning approach with nonlinear optical
microscopy, our goal is to significantly reduce imaging time and hardware demands,
while maintaining the fidelity of structural information required for accurate

biological interpretation.
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Chapter 2: Second Harmonic Generation
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2.1 Introduction

While traditional linear optical microscopes are highly effective tools, they struggle
with scattering and cannot provide optical sectioning in dense or intricate samples
[107]. However, advanced imaging techniques, such as harmonic generation imaging,
have seen remarkable advancements in the past few decades. Imaging based on
harmonic generation, which usually involves second- and third-order mechanisms, is
a significant aspect of nonlinear optics with a rich historical background [108]. Like
many other nonlinear optical contrast mechanisms, the theoretical origins of two
photon absorption can be linked to Dr. Maria Goppert-Mayer's theoretical research in
the 1930s [109]. The proof of SHG experimentally demands high peak power of
excitation light, which was made achievable with the development of the laser in the
1960s [110]. Franken and his colleagues were the first to show SHG in ruby laser
interacting with quartz, which marked the beginning of practical applications in
nonlinear optics [110]. After this time, the importance of harmonic generation in laser
physics and solid-state material characterization has been widely acknowledged,
leading to numerous exciting developments in both areas [111]. Nevertheless, the
commencement of using harmonic generation for examining biological specimens
occurred at a later time. Therefore, SHG microscopy has emerged as a crucial
technique for optical imaging, with numerous applications in both materials and
biomedical research [111]. Some of the pioneering works included the generation of
second harmonic from amino acid crystals in 1965 [112]. In 1971, Fine and
colleagues showed second-harmonic generation from biological samples, such as
collagen, an important natural structure giving a robust second-harmonic signal [113].
During the late 1970s, Sheppard and his colleagues discovered that the nonlinear
aspect of harmonic generation causes optical interaction to be localized in three
dimensions at the focal point of a high numerical aperture objective [114]. This
discovery led to the development of a scanning second-harmonic generation
microscope with 3D imaging capabilities [115]. After 15 years, Freund and
colleagues showed one of the earliest biological second-harmonic imaging

experiments in 1986, which involved mapping collagen structures in tendons.
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However, this study had low spatial resolution and did not consider depth sectioning

[60].

In 1990, Denk and coworkers were the first to show two-photon fluorescence imaging
(2PEF) in biological samples, displaying high-quality 3D images of embryos [116].
This landmark study sparked interest among biomedical researchers in nonlinear
optical microscopy [116]. The growing interest led to the creation of reliable and user-
friendly commercial nonlinear microscopes capable of imaging through fluorescence
and harmonic generation methods. These researchers have shown the correlations
between SHG signals and tissue conditions, identifying various molecular structures
that produce strong SHG, and developing contrast agents sensitive to biochemical
environments and resistant to photobleaching [108]. These successful pioneering

works have firmly established SHG imaging as a crucial tool for microscopists.

On the other hand, advancements in the development of reliable and robust ultrafast
mode-locked laser technologies have been essential for enhancing non-linear optical
microscopy methods, particularly in the field of biomedical imaging [108]. These
ultrafast laser sources have been used to create complete microscopes that are now
commonly found in research labs. SHG microscopy requires the structures of interest
to be non-centrosymmetric [117], making it very sensitive to filamentous proteins in
biological samples [118]. Otherwise, samples need to be dyed with suitable SHG dyes
[119]. While this requirement limits SHG application to a small number of structures,
it is a positive aspect since the signals are highly specific and offer sharp contrast
images [111]. Moreover, SHG microscopy offers multiple benefits compared to
fluorescence imaging because it relies on an intrinsic contrast instead of a dye or
fluorophore. Finally, SHG is different from fluorescence as it does not suffer from

photobleaching and happens instantly (no limit on laser repetition rate) [120].

In the context of microscopy, 2PEF and SHG share numerous technical similarities,
enabling effortless and effective integration in a single instrument. Since the obtained
imaging depth depends on the excitation wavelength [111,120], lasers within the
NIR-I range (700-1000 nm) (700—1000 nm) [119] are typically chosen to minimize

absorption by biomaterials like water and hemoglobin [121]. Utilizing longer
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wavelengths like NIR-2 (1000-1300 nm) can reduce scattering and increase tissue
penetration depth [107,120], but with the trade-off of decreased spatial resolution
[111]. Despite the higher penetration depth provided by longer wavelengths, it has
been shown that for imaging collagenous tissues, longer wavelengths lead to a weaker
SHG signal due to a reduction in hyperpolarizability tensor [122]. In addition,
utilizing longer wavelength lasers (1230 nm) like Cr:forsterite lasers allows for the
concurrent conduction of SHG and third harmonic generation (THG) microscopy in

the visible spectrum, preventing UV absorption by biological samples [123].

To favor the efficient generation of the SHG, the typical laser pulse duration is about
100 fs at a repetition rate of a few tens of MHz [120]. Objectives with a high
numerical aperture (NA >1) are employed to precisely focus the light onto the sample
and localize laser pulse energy spatially [124]. To efficiently gather the light in the
forward direction from thin samples, a high numerical aperture condenser is included
[118]. Both modalities (2PEF and SHG) exhibit a quadratic dependence of the
generated signal on the input laser intensity, resulting in an inherent three-
dimensional spatial resolution because the signal is confined within the focal volume

[125,126].

Although SHG and 2PEF techniques are similar in some ways, they rely on
fundamentally different mechanisms. In SHG, the conversion of frequency is
accomplished using virtual states without any overall energy transfer to the system
(Fig. 1.4). This is different from 2PEF which includes transferring population from
the electronic ground state to excited electronic states [111]. The diverse sources
result in significantly different, and frequently complementary characteristics that

account for the increasing appeal of SHG microscopy [111].

2.2 Mathematical Framework of SHG

2.2.1 Nonlinear polarization

Nonlinear optics focuses on how optical fields interact in a medium with nonlinearity.

When the medium is not treated linearly and the properties like refractive index and
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absorption coefficient do not depend on intensity, the nonlinear interaction between
fields and material is not common at low optical intensities [117]. Nonlinear optical
processes are observed only after the advent of lasers, which could provide the

required high intensities to excite the nonlinear effects [117].

In the case of linear optics, the induced polarization P(t) depends linearly on the

electric field strength E(t) in a manner that can be described by [117]:
P(t) = ey WE(t) 2-1

where, y(1) is known as the linear susceptibility and &, is the permittivity of free

space.

However, under high intensities the medium properties become intensity dependent,
and as a result the medium acts as a mediator for interaction between optical fields
[117]. The optical response can be described by generalizing Eq. 2-1 by expressing
the polarization P (t) as a power series in the field strength E(t) as:
P(t) = go[x WE'(t) + xPE*(t) + Y PE3(t) + -] 22
= PO(t) + PA(t) + PO)(¢) + ---

The quantities )((2) and )((3) are known as the second and third order nonlinear optical
susceptibilities, respectively. Here, P(t) and E(t) are vectors, while y (¥ is a second
rank tensor, ¥ is a third-rank tensor, and so forth. The term ¥V E1(t) corresponds
to the linear response, P®(t) = gox @PE?(t) defines second-order non-linear
interactions, such as SHG, sum and difference frequency generation [117], two-
photon absorption [126], and the third term, P®)(t) = g,y @ E3(t) describes third-
order non-linear effects, like third harmonic generation [127], Kerr effect [128], self-
phase modulation [129], cross-phase modulation [130], and stimulated Raman
scattering [131]. In writing the equation, we can simplify the term by treating both
P(t) and E(t) as scalar quantities. Equations 2-1 and 2-2 are commonly used
methods to describe varying levels of nonlinearity in previous works such as Ref.
[117]. When writing equations, we have also assumed that the polarization at time ¢

depends only on the instantaneous value of the electric field strength.
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Fig. 2.1 Second-harmonic generation [117].

For SHG, which is illustrated schematically in Fig. 1.4 and its geometry is shown in
Fig. 2.1. A laser beam with an electric field strength E(t) = E e @t 4 ¢ c.isdirected
towards a material with a non-zero second-order susceptibility x®. Nonlinear
polarization arising in a material is determined by equation 2-2. As for P(®(t) =

gox PE2(t), it can also be written explicitly as:
PAO@) = 260y PEE" + (goxPE?e~21%t 4 ¢.¢) 2-3

We see that the second-order polarization consists of a contribution at zero frequency
(the first term) and a contribution at frequency 2 (the second term) which can lead

to the generation of radiation at the second-harmonic frequency.

Therefore, SHG can be efficiently described through an anharmonic oscillator model
in which a non-linear restoring force is generated by the molecular potential [117].
At the molecular level, for collagen and tubulin, SHG originates from the
hyperpolarizability of peptide bonds, usually considered as single SHG emitters
[132]. Indeed, an electric field oscillating at a high frequency and reaching an
harmonophore will repeatedly pull the electrons back and forth, leading to the
induction of a molecular dipole [126,133]. More precisely, the second order

polarization can be expressed as:

PiZ(u — XL(JZI?))E](A)EI(:) 2-4

where, the subscripts denote Cartesian components and superscripts denote the
relevant frequencies. The second order susceptibility )(l-zﬁ describes the relation
between all the components of the polarization and the electric-field vectors for sum
and difference frequency generation. )(l-zﬁ is a third—rank tensor and contains 27

(3 x 3 x 3) elements, in which these elements sum up to zero for materials with
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inversion symmetry. Physically, this means that the ability to generate second
harmonics is limited to molecules which are not centrosymmetric. To produce
appreciable SHG, a material must be non-centrosymmetric over macroscopic

distances [117].

2.2.2 SHG in bulk material

By assuming the medium is lossless at both the fundamental frequency w, and w, at
the second-harmonic frequency w, = 2w4, the nonlinear susceptibility must follow
the condition of full permutation symmetry [117]. In this case, each component of the

second order polarisation can be expressed at the bulk level as:

P® 2w) = Z )(1(12,2 (, w)Ej(w)Ex (w) -
ik
or at the molecular level:
1P 2w) = Z ,l?l-(]-zk) (0, w)Ej(w)Ey (w) >0
ik

()

Here the dipole moment ugz) and the hyperpolarizability f5; ik Tepresent the molecular

counterparts of Pi(z) and )(i(].zlz, which are related to polarization and susceptibility,
respectively [117]. In the general case of three-wave mixing, the matrix representing
the susceptibility tensor )(l.(]?,z(a)l,a)z) consists of 27 separate elements. Second

harmonic generation occurs when two input waves have the same frequency with

w1 = W, = w, which is a degenerate case of three-wave mixing. As a result:

P@ (2w) = 2)(1(]2,2 (, w)Ej(w1)Ex(w2) 7
Tk
= ¥ 1P(w, ) Er(0)E;(w,)
Xijej \W» W) Bge W) 2 (W2
k.j

Hence, the susceptibility tensor exhibits the subsequent symmetry [117]:

X (@, 0) = xie)(w, ) 2-8

27



Having these symmetries reduces the tensor's number of independent elements to 18.

Therefore, the second order induced polarization P; can be expressed in terms of the

tensor )(1(12,2 components and the electric field E;, as follows [117]:

E}
p® 2 xS 22 22 18 A3 l%
RO | =eo| xS xSy 2o x5 x5 2B || et 2-9
P 2 12 22 A2 A2 3N ek,

2E,E,

The use of a contracted notation is made possible by the symmetry of the second

harmonic generation:
_1 @
dis(w) = Exik,-(w, w) 2-10

Where, the spatial index, i, ranges from 1 to 3, and s ranges from 1 to 6. The

relationship between s, j, and k can be described as:

sl 2 3 4 5 6

jlx v z y z x
k|lx y z z x vy

If the electric field's frequency w is significantly different from any natural
frequencies, such as off-resonance, then the susceptibility can be considered constant

regardless of frequency [117].

2 2
)(l.(].,z (w, w) = )(l.(k]). 2-11

As a consequence, all indices of the tensor can be rearranged without restriction, a

condition that is known as Kleinman symmetry [117,135]:

@_,o_,@0_ . ®_ @_ @
Xijie = Xikj = Xjii = Xjike = Xicji = Xkeij 2-12

The Kleinmann symmetry decreases the number of independent elements of the

susceptibility tensor to 10 [117,135].
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The system's symmetry can often lead to a decrease in the large quantity of tensor
elements. Neumann's principle dictates that physical properties must not change in
sign or amplitude under system symmetry operations [136]. We investigate how
inversion symmetry affects polarization and second-harmonic generation later on. If
a centro symmetric material is examined (i.e. has a center of inversion), the y
nonlinear susceptibility must totally disappear. The nonlinear polarization is
determined as Eq. 2-4. Under inversion, the electric field and polarization transform

as E changes to -E and P changes to —P. The equation 2-4 is transformed as follows:

because we assume that the medium possesses inversion symmetry. By comparing

the two equations 2-4 and 2-13 we obtain:
Pl,(z) =Xl.(]%2E2 = —Xi(?lez 2-14

Equation 2-14 is only valid for )(1(12,2 = 0 and is highly significant in second-harmonic

generation. A second-harmonic response is only present in systems that are non-
centrosymmetric, and no SHG signal can be produced in a medium that exhibits
spatial inversion symmetry [137]. This condition is easily fulfilled at the molecular
level by constructing a donor—mn—acceptor (D w A) system by linking an electron-
donor to an electron-acceptor through a n-conjugated system [138]. In addition, non-
centroymmetry in the molecular dipole arrangement is necessary to produce a second-
harmonic signal [111]. Examples of these kinds of symmetries can be seen in
biological membranes, where only one side is dyed, as well as in all helical molecules
like protein and nucleic acid helices [111]. Additional constraints on the nonlinear
susceptibility tensor's structure can be caused by different symmetry properties of the
non-linear optical medium, with each system symmetry leading to a decrease in the

tensor's non-vanishing components [117].

In this condition, we can write:
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E;2w)

@ EZQw)
sz (2w) din diz dyz diy dis dyg EJ; 2w)
Py( )Qw) | = 20| dyr diz dyz das dys die oF (Za))E () 2-15
2 d d d d d d y z
PZ( )(Zw) 31 32 33 034 35 36 2E..(0)E, (@)
2Ex(w)E, (w)

It is possible to represent the nonlinear polarization responsible for second-harmonic
generation with a scalar relationship for a fixed geometry (fixed propagation and

polarization directions) [117].
P(2w) = 2&pdesrE(w)? 2-16

where, d.fy is obtained by first determining P explicitly through use of Eq. 2-15 and
is the effective value of the second order susceptibility. According to the geometry of

the nonlinear medium, d, ¢ can be calculated. In the later section, we will calculate

it for a collagen fibril.

2.2.3 SHG Intensity

To determine the intensity of the produced second harmonic, the total electric field in

the nonlinear medium is considered as [117]:
E(z,t) = E{(z,t) + E;(z,t) 2-17

where each component is expressed in terms of a complex amplitude E;(z) and slowly

varying amplitude A;(z) according to
Ej(z,t) = Ej(z)e"""ft +c.c. and Ej(z)= A]-(Z)e“‘iz 2-18

where the propagation constant and refractive index are given by

njwj 2-19
kj=% and n; = ’6(1)((1)]-)

It is assumed that each frequency component of the electric field follows the driven

wave equation [117]:
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vep, @) CE 1 6% Ly, 2-20
J c2  0t?2  gyc?ot?/

This wave equation must hold for each frequency component of the field and in
particular for the SHG component at frequency w, = 2w;. In the absence of a
nonlinear source term, the solution to this equation for a plane wave at frequency w,

propagating in the z direction is [117]:
Ey(z,t) = Ay(2)elkez=w28) 4 ¢ ¢, 2-21
By considering the nonlinear source term appearing in Eq.2-20 as
P,(z,t) = Pye~ @2t +c.c. 2-22
where according to Eq. 2-16, we have:
P, = 2¢e0dosrEE = 260doppAle®hn? 2-23

By neglecting the complex conjugate part and slowly varying amplitude

approximation, the wave equation can be written as [117]:

; 2
dAZ _ 2ldeff(1)2 AZeiAkZ 204
dz =~ kyc? !

where, Ak = 2k, — k, which is called the wavevector (or momentum) mismatch.
Equation 2-24 is referred to as a coupled-amplitude equation, as it demonstrates the
change in the amplitude of the w, wave due to its interaction with the w; wave. By
considering the spatial changes in w; waves, we can come up with similar equations

for w4:

dA1 Zwadeff .
= A, At e tBkz 2-25
dz kqc? 2/1€

Now, by integrating over the length L of the nonlinear medium, for slowly varying

amplitude of the SHG beam we have:

iderrwil  [e™BkL _q
Ay (L) = eé};{ZZ A§< ) 2-26

Ak
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Therefore, considering an incident laser beam with fixed polarization and propagation
direction, and assuming the slowly varying envelop approximation, the SHG intensity
can be expressed as follows:

4dgsrwsL?
c2

2 = 2-27

L (DKL
Ispe = 2n,60C| A, T Ifsinc (T)
1M2&0

Where, I;is the intensity of the incident laser beam and the effect of wavevector

. . . . . AKL
mismatch is included entirely in the factor sinc? (T)

Normalized Intensity (a.u.)
N e e
S [o)} [}

e
[}

0
-3 =27 -T 0 ™ 2 3r

AKL/2
Fig. 2.2 Effects of phase mismatch on the efficiency of SHG intensity.

Fig. 2.2 illustrates the change in SHG intensity based on the phase mismatch (AkL/2).
It is evident that the highest intensity occurs when AkL /2 is zero. This condition is
referred to as phase matching condition [117]. It is clear that the effectiveness of the
SHG process reduces as AkL increases, while some oscillations take place. The
reason for this behavior is that if L is greater than about 1/Ak, the output wave may
become out of phase with its driving polarization, allowing power to flow from the

SHG frequency, w,, into the incident beam frequency, w; (refer to Eq. 2-24) [117].
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2.2.4 Phase matching

In the Eq. 2-27, the SHG intensity varies proportionally to the square of the sinc (Azﬂ)
function with the phase mismatch factor of AkL. The velocity of the fundamental and
second harmonic waves varies due to the refractive index at their respective
wavelengths [117]. Typically, the SHG has a higher refractive index than the
fundamental due to normal dispersion, causing the two waves to travel at varying
phase velocities. As a consequence, the transfer in power flow between waves is
influenced by the phase difference of the waves, resulting in a change in the direction
of power transfer due to the continuous phase shift caused by varying phase
velocities. So, SHG is effectively generated until AkL/2 = m. The coherence length
is defined as the distance where the relative phase between the two waves shifts by «,
corresponding to half of the growth and decay cycle of the second harmonic [111].
The SHG coherence length, L., is defined as:

2 2 2

Akl T 12k — kgl |2M_M| 2-28
C C

L¢

Since, in SHG process w, = 2w+, so:

2 A

LC = =
) 2-29
2 _C1 |Tl1 - Tl2| 27T|nfundamental - nSHG|

Smaller Ak translates to longer L.. Longer L. allows a longer interaction length L,
which in turn allows for higher SHG intensity [69]. With a non-perfect phase
matching condition, where Ak # 0, the SHG intensity is much weaker (Fig. 2.2).

In a single direction, the phase mismatch for forward SHG is equal to Ak = 2k, —
k, = |2kq| — |k,| with kyand k, both traveling in the same direction. In backward
SHG, the phase mismatch is Ak = 2k; — k, = |2k, | + |k;| as k; and k, travel in
opposite directions. The mismatch in phase is more pronounced in the backward

direction, leading to a significant decrease in coherence length within the medium.

Achieving the phase-matching condition Ak = 0 can be challenging, as materials

without losses between frequencies w, to w, exhibit normal dispersion where the
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refractive index increases with frequency. As a result, the condition for perfect phase

matching with collinear beams is [117]:

niw n,w 20
Ak =2k, —k, =2—2-22-""1
c c c

(n(a)l) - n(a)z)) =0 2-30

So, for perfect phase matching, the condition of n(w;) = n(w,) should be satisfied.
But, for normal dispersion, n(w,) must be greater than n(w;), due to w, > w4,

which demonstrates that Eq. 2-30 cannot be satisfied.

It is theoretically feasible to satisfy the phase-matching requirement by utilizing
anomalous dispersion, which is the reduction in refractive index as frequency
increases near an absorption peak [117]. The most used method to achieve phase
matching is by utilizing the birefringence exhibited by numerous -crystals.
Birefringence refers to the way in which the refractive index changes based on the
polarization direction of the optical radiation [117]. In particular, crystals belonging
to the cubic crystal system are optically isotropic and show no birefringence, thus are

not phase-matchable [117].

Another method for enabling efficient generation of the harmonic wave is quasi-
phase matching which involves repeated inversion of the relative phase between the
fundamental and second harmonic wave [77]. One way to invert the phase is to
change the sign of the nonlinear coefficient via inverting the optical axis of a
ferroelectric material periodically [117]. For example, in one dimension, when the
second order susceptibility y(?) is spatially modulated at a frequency Q, the d, ff
becomes [117],

dep(z) = de™'0% 2-31
The phase matching condition in this case becomes,
Ak =2k, —k;, — Q 2-32

Perfect phase matching is obtained when Q = 2k; — k,. In terms of physics, the
periodic structure produces grating effects and provides a virtual momentum to assist

the phase matching [117]. This leads to constructive interference in a certain
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direction. By the mechanism of quasi-phase matching, efficient SHG can be
generated over a relatively long distance or when the phase mismatch is relatively

large [117].
2.3 SHG in collagen tissue

In order to analyze the SHG signal in collagen tissue quantitatively, we consider the
non-centrosymmetric arrangement of proteins in the fiber. It is important to note that
molecules with SHG emission capability have a high hyperpolarizability £, which is
greatly influenced by their symmetry. The coherent nature of SHG implies that the
signal results from interferences of individual contributions of harmonophores
[124,133]. At macroscopic scale, SHG is described by the non-linear susceptibility
x®@, which results from the coherent summation of the individual
hyperpolarizabilities of all harmonophores within a volume. The relation between the

molecular and macro-molecular non-linear response is given by [124,133]:
x® = Ny(B) 2-33

where N is the density of molecule S and () is the orientational average of the first
hyperpolarizability [117]. For SHG to take place in this size range, the material must
have a y(® # 0, which is only possible with a non-centrosymmetric arrangement of
large molecules [124,126]. Therefore, in order to conduct SHG microscopy on
biological samples, the tissue needs to have a non-centrosymmetric structure at both
the molecular ( 8 # 0) and macro-molecular ({8) # 0) levels, along with a high
concentration of harmonophores [124,133]. It is interesting that SHG signal's limited
origin can be used to improve contrast, as it is unique to only a small number of
biological structures, with collagen being a key illustration [124,133]. SHG can serve
as a distinctive tool to investigate the multiscale distribution of molecules in the

sample.

To determine the susceptibility tensor y(®) of a collagen fibril, we should examine
the spatial arrangement of molecules in three dimensions. Using collagen as a model,
this concept can be applied to other materials by considering their specific symmetry.

A collagen fibril presents a cylindrical symmetry. We will make two assumptions:
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first that the Kleinman symmetry is applicable and secondly that the chiral
components of the tensor can be neglected since we do not take the out-of-focus

orientation into account [139].

We select a coordinates system (Fig. 2.3) with the laser propagation direction on the
z axis and x is the collagen fiber axis. The driving electric field is linearly polarized
in the x-y plane and does not have any component in the optical axis direction.

Therefore, it can be expressed by E = ExX + E, .

For collagen fiber, cylindrical symmetry is commonly assumed, with the symmetry

axis being the fiber axis (x axis in Fig. 2.3).

The susceptibility tensor components in a system with a mirror plane change by
multiplying their coordinates. Therefore, if the index of a tensor component changes

following a symmetry operation, it will result in a zero value. Indeed, an easier

method to confirm that )(1(12,2 = - )(1(12,2 is true after the symmetry operation is to

confirm that ijk = —ijk is true [140].

Fibril

)

Fig. 2.3 Schematic of the coordinate system to computing the susceptibility tensor ¥ in a
symmetry of scatterers like collagen fibril. The SHG scatterers are organized with a cylindrical
distribution with X as the axis of symmetry. The incident beam is directed along the Z axis. ¢
represents the angle between the electric field E and the x-axis of the filament [67].

Collagen fiber exhibits cylindrical symmetry with mirror planes in the x-z and x-y

planes. When reflected on these planes, the coordinates change as follows: x—-x ,
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y—Y , z— z for the y-z mirror plane; while for the x-y mirror plane, x—x , y—y,
z—-z [117,133]. As a result, the mirror planes cause certain components of the

second-order susceptibility tensor to disappear, while certain non-zero elements of

)(1(12,2 become equal.

The fiber symmetry remains unchanged when rotated around the x-axis, resulting in

transformations y — z and z — -y for mirror planes x-z and x-y. Therefore, we obtain:

@ _ @ _,® ;
Xzzx = X(=y)(-y)x = Xyyx 234

Additionally, as mentioned previously, )(1(12,2 can be rearranged among all indices

according to the Kleinman symmetry assumption like Eq. 2-12 and we obtain [140]:

@ _,@ _ @ _ @ -
Xxyy - nyx - szz - szx 2-35

Therefore, in a cylindrically symmetric distribution such as in the collagen fiber with
2 2

x-z and x-y mirror planes, ¥, xyy

and y,.. are the only two independent components

of the susceptibility tensor. The other components of the tensor vanish instead, due

to symmetries of the material [140]. The second order tensor reduces to:

MO RGO 0 0 (0)
2
X(Z) - 96xx x(;zy x(;zy 0 0 Xxyy 2-36

o 0o 0 0 x& 0

So,
E}
2
P\ [ @ @ 0 0 % By
XXX X X
p® =" T T 0 0 xyy || B2 237
@ 0 0 0 0 x2 o |0
P, Xxyy 2E.E,
2E,E,
Therefore, we obtain:
P = X EE + Xy B3 + XipyEZ 2-38
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2 _ 5,2
Py = 2X5yy ExEy

P =242 EE,

Thus, considering that the input laser is linearly polarized and propagates along the

z-axis, the SHG intensity for every fibril is as follows [111]:
Ishc (@, 0) = A+ Bcos(2¢p — 260) + Ccos(4¢p — 46) 2-39

Where, ¢ is the angle of polarization relative to the x-axis (Fig. 2.3), while 8 is the
azimuthal angle of the fibril with the x-axis. Coefficients A, B, and C vary based on
the concentration and arrangement of the harmonophores [141]. Hence, changing the
incident polarization significantly influences the SHG intensity. This allows for the
examination of how harmonophores are organized at the macro-molecular level
within the focal volume [142]. On the other hand, utilizing circularly polarized
excitation light guarantees uniform response from all molecules, regardless of their

in-plane orientation [126].

Since SHG is a coherent process, the phase is essential in the creation of the signal,
from the molecular level to the macro-molecular level. This can be easily emphasized
by looking at the case of SHG from bulk media. As explained in previous section,
when a laser beam with fixed polarization and direction of propagation is considered
and the slowly varying envelope approximation is assumed, the SHG intensity can be
represented by Eq. 2-27 and it is proportional to [117]:

gy o L?I7%,sinc? (Li) 2-40

Cc

Where, I;,, is the incident laser beam's intensity, L is the length where SHG happens
in the medium, and L, = 2/Ak is the coherence length. Therefore, if the phase-
matching condition (Ak = 0) is fulfilled, the SHG intensity increases proportionally
to both the input laser intensity squared and the length squared. However, if Ak # 0,
the SHG intensity peaks after interaction length of L. /2. If the interaction length L
increases within the material, the SHG intensity fluctuates between zero and the

maximum value across a spatial period of 2rL. [117].
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In biological samples, it is uncommon for the perfect phase-matching condition to be
met, resulting in the SHG signal being directional. Nevertheless, AkL is almost zero
in the forward direction because the interaction length is much smaller than L, (a few
microns), thanks to the tight focusing. In contrast, when moving in the opposite
direction, Ak is significantly greater and the coherence length is much smaller (a few
tens of nanometers). This is the reason why "pure" backward SHG is consistently

weak.

24 Polarization-resolved SHG (P-SHG)

Polarization-resolved second harmonic generation (P-SHG) combines the advantages
of SHG microscopy (high specificity and contrast) with polarimetry (sensitivity to
molecular alignment) [111]. P-SHG is typically applied to collagen, offering a more
detailed and accurate representation of the complex hierarchical organization of
fibrils within the imaging plane. One of the earliest demonstrations of P-SHG was
performed on rat-tail tendon, a collagen-rich tissue, as documented in reference [143].
They used a model for polarization dependent SHG on rat-tail tendon fascia to
determine collagen fibril orientation and study the second order nonlinear
susceptibility tensor. Obtaining various linear polarization scans in both the axial and
transverse planes, they found that the SHG signal was significantly influenced by the
polarization of the laser light source, enabling them to determine the alignment of

collagen fibers [143].

We understand that the SHG scatterers (harmonophores) within the tissue do not all
align perfectly, and each has its own unique direction. When we examine a collagen
fibril, we establish a set of axes (X', y’, z') for the individual fibril with respect to the
overall axes (x, y, z) of the laboratory reference system, as depicted in Fig. 2.4. This
figure shows the schematic of coordinate system for a collagen fibril for a P-SHG

system.
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Fig. 2.4 Schematic of the coordinates of the laboratory system (X,y, Z) and of the molecular system
(x’,y’, Z’) of each harmonofore. @ is the polarization angle and 0 is the azimuthal angle of the fibril
with respect to the x-axis respectively, and § is the out-of-plane tilt angle of the fibril [139].

As long as the fibrils and the incident electric field lie both within the focal plane, an
incident electric field E;;, at angle ¢ to the laboratory axis (x, y, z) induces the
following SHG polarization in the fibril frame (according to Eq. 2-38):

PP (2w) « p cos? (¢ — 0) + sin?(p — 0)

2-41

Py(z)(Za)) o 2 cos(p — 6) sin(p — )
Where, p is the anisotropy parameter and 8 is the fibrils orientation angle, with
respect to the axis x in the laboratory frame (Fig. 2.4). In addition, to characterize the
collagen fibrils’ orientation, various parameters can be measured such as the average

in-plane azimuthal angle 6, in every pixel, and the anisotropy parameter [144]:
I
p= Il = po cos?(8) + 3 sin?(8) 2-42
L

where [ and I, are the SHG intensity when the incident polarization is parallel and

orthogonal to the fibril, § is the out-of-plane tilt angle of the fibril (Fig. 2.4) and pq =

p(6=0) = )(,(ci)x / )(J(j,)y is the anisotropy parameter for no tilt [145].

Alternatively, one can use the measure of the "anisotropy parameter" r for no tilt in

the out-of-plane direction [124].

40



L —1

r= —I" T 20, 2-43

Here, an isotropic orientation is represented by r = 0, while the fully aligned case
corresponds to r = 1. In practice, the anisotropy parameter is approximately 0.7 in

highly aligned collagen tissue like tendon [124].

Fibrillar
orientation (8)

Fig. 2.5 Collagen fibril orientation in adult horse specimens measured by P-SHG. In this study,
the maturation of meniscal collagen was studied in young and adult horses using P-SHG [144].

Additional measurements like the entropy of orientation [146] and the orientation
index (O.1.) [80] can be obtained from P-SHG, and some research has identified the
variance of contrast per pixel as relevant metrics for P-SHG [111]. One efficient
method for extracting information from P-SHG involves utilizing Fourier transform
analysis. In this scenario, just the input polarization is adjusted by half- and quarter-
wave plates [143,147] (Fig. 2.5). Later on, the important data can be extracted from
the P-SHG images by conducting an analysis that relies on the Fourier transform of

the intensity measured in relation to the input polarization angle.
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Chapter 3: Machine Learning
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Machine learning is a prominent area in today's computing realm, with extensive
research dedicated to enhancing it. Learning is an innate human activity that has been
integrated into machines as a crucial element. Machine learning deals with how to
develop models that enhance themselves through practice and learning. It is a quickly
expanding technical field today, situated at the crossroads of computer science and
statistics, and essential in artificial intelligence and data science [148]. Advancements
in machine learning have been fueled by the creation of new learning algorithms and
theory, as well as the continuous growth in online data and affordable computation
[148]. Data-heavy machine-learning techniques are being increasingly utilized in
various fields such as science, technology, and business, contributing to a rise in data-
driven decision-making in numerous aspects of life including healthcare,
manufacturing, education, financial modeling, law enforcement, and advertising

[148,149].
3.1 Introduction

Artificial Intelligence (Al) is about creating machines that have the same level of
intelligence as the human brain. In the field of Computer Science, Al refers to the
examination of "intelligent agents": any technological tool that senses its
surroundings and makes decisions to increase its chances of successfully
accomplishing its objectives [151]. Colloquially, the term "artificial intelligence" is
used to describe a machine's ability to carry out tasks typically linked to human
cognitive abilities, like "learning" and "problem solving". Machines rely on learning
as a crucial factor. Hence, machine learning is a branch of artificial intelligence.
Computer Scientists have been working on machine learning since the 1950s [149].
In the past few decades, there have been significant efforts in advancing machine
learning. This results in machines being expected to perform at a higher level. Deep
learning is an effort in this same direction. This is a portion of machine learning.
Research communities are constantly working on exploring new areas and finding
practical applications for their work [150]. Fig. 3.1 shows the previous studies that

served as the foundation for deep learning [150].
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Fig. 3.1 Illustrates the original study that led to the development of deep learning. Deep learning
is defined as deep artificial neural networks. The term "deep" is used to describe multiple layers
within a neural network. A deep network consists of multiple hidden layers while a shallow
network only has a single hidden layer 150].

3.2 Overview of Machine Learning

In the 1950s, the term Intelligent Machinery was coined to introduce a new field in
which machines were striving to achieve human-like intelligence [151]. This marked
the first step towards exploring a new era. In 1948, Turing and Champernowne
discovered chess using only ‘paper and pencil’ [150,152]. It was the initial computer
program for playing chess in the world. The program was created by Turing and
Champernowne with pencil and paper, with the calculations being done manually by
them - each step would require thirty minutes or longer to confirm [150,152]. In 1951,
Dietrich Prinz created a chess machine program that solves mate-in- two moves’
puzzles [150]. The program displayed a list of pieces alongside a visualization of the
chess board, but on a 10x10 grid, as a knight's move consisted of two single steps
[150]. By having a ply-indexed array of piece-list- index, direction and step-counter
move generation was done. Christopher Strachey developed the initial Draughts
algorithm in 1952. The software could engage in a complete game of Checkers at a

moderate pace [149].

In 1943, the McCulloch-Pitts Model of Neuron operated by inserting a 1 or 0 for
every input, with 1 indicating true and 0 indicating false. Similarly, a concrete value

of 1 was assigned to the threshold, resulting in either a 0 or 1 output if the threshold
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was reached or surpassed [153]. In 1949, Donald Hebb suggested that if two neurons
fire simultaneously, the link between them becomes stronger [154]. Additionally, this
task is a crucial operation needed for the process of acquiring knowledge and
remembering information. Frank Rosenblatt developed the first perceptron in 1957,
based on the McCulloch-Pitts neuron and Hebb's findings, and in 1961, he
demonstrated the perceptron convergence theorem [155]. Three years later, Bernard
Widrow engraved the Delta Learning rule. It is utilized for training perceptrons, also
known as the Least Square problem [156]. These two are combined to create an
effective linear classifier. Nevertheless, in 1969 Marvin Minsky introduced the XOR
problem. He also demonstrated that perceptrons are unable to handle linearly
inseparable data distributions. After that, there was a lull in NN research until the

1980s [157].

David Rumelhart and James McClelland introduced the multilayer perceptron in 1986
[158]. The Hopfield Network, also known as the Hopfield model, was introduced by
John Hopfield in the early 1980s as a type of neural network [159]. The Hopfield
network does not have specific input or output neurons; instead, all neurons function
as both input and output, and are linked to every other neuron bidirectionally with
equal weights. Hinton and Sejnowski (1986) created Boltzmann machines by
merging Hopfield networks with simulated annealing [160]. It is a fully connected
two-layer neural network. The primary accomplishment in machine learning was
Support Vector Machines (Networks) (SVM), introduced in 1995 by Vapnik and
Cortes, which had a strong theoretical basis and precise results [161]. That was when
the machine learning group was divided into two groups: researchers focusing on NN
and researchers focusing on SVM. In 1997, Freund and Schapire created Adaboost,
aboosted ensemble of weak classifiers [162]. Breiman investigated AdaBoostin 2001
which involves combining several decision trees [163]. Each tree is built using a
random subset of instances and features are randomly selected for each node. RF is
the term used to refer to Random Forests. AdaBoost algorithm is susceptible to over-
fitting and outlier instances in the data, whereas Random Forest is a more resilient

model [149,164].
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As we approach the present day, a new era of neural networks known as Deep
Learning has emerged. The third rise of NN began around 2005 as a result of various
findings gathered over the years by previous researchers Hinton, LeCun, and others
[150]. Notably, in 2024, Geoffrey Hinton was awarded the Nobel Prize in Physics,
alongside John J. Hopfield, for their foundational discoveries and inventions that

enable machine learning with artificial neural networks [165].

3.3  Types of Machine Learning Techniques

Machine Learning algorithms can be categorized into four main groups: Supervised,
Unsupervised, Semi-supervised, and Reinforcement learning [97], as depicted in Fig.

3.2. We will briefly talk about each type of learning.

Machine Learning Types
Supervised Unsupervised Semi-Supervised Reinforcement
Learning Learning Learning Learning
(Dheretoy  (Continuausy  Unlabeled Data CombinedDats  Rewsrd)  (Poualty
/N
Classification Regression Clustering Association Classification Clustering

Fig. 3.2 Various types of machine learning techniques [166].

Supervised learning involves machine learning tasks where a function is learned to
map input to output using sample input-output pairs [167]. It utilizes annotated
training data and a set of training instances to deduce a function. Supervised learning
occurs when specific objectives are established for a particular set of inputs to achieve
[168]. The most frequently seen supervised tasks include 'classification' for
categorizing data and 'regression' for analyzing data trends. An example of supervised
learning is predicting the class label or sentiment of a piece of text, such as a tweet or

product review, known as text classification [168].
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Unsupervised learning is when unlabeled datasets are analyzed without human
intervention, making it a data-driven process 169]. This is commonly utilized for
extracting creative characteristics, recognizing significant patterns and structures,
categorizations in findings, and exploratory intentions. Clustering, density
estimation, feature learning, dimensionality reduction, discovering association rules,
and anomaly detection are some of the most frequently encountered unsupervised

learning tasks [169].

Semi-supervised learning combines supervised and unsupervised methods by using
both labeled and unlabeled data [169]. Therefore, it lies somewhere in the middle of
learning independently and learning under guidance. In many situations, labeled data
is scarce while there is an abundance of unlabeled data, making semi-supervised
learning valuable. The aim of a semi-supervised learning model is to improve the
prediction outcome compared to using only the labeled data from the model. Semi-
supervised learning is applied in various fields such as machine translation, fraud

detection, data labeling, and text classification [169].

Reinforcement learning is a machine learning algorithm that allows software agents
and machines to assess the best behavior in a specific environment to enhance
efficiency, known as an environment-driven approach. This form of learning relies
on receiving either rewards or punishments, with the main objective being to apply
the knowledge gained [97]. It is a useful tool for developing Al models to enhance
automation in complex systems like robotics, autonomous driving, manufacturing,

and supply chain logistics, but not recommended for simple problems [166].

Therefore, different machine learning techniques can have a significant impact in
developing effective models across various application areas, based on their learning

capacities and the characteristics of the data and desired results.

3.4  Artificial Neural Network and Deep Learning

Representation learning is a key component of deep learning, which falls under the
broader category of artificial neural network (ANN) based machine learning

techniques [170]. Deep learning uses a computational structure with different layers
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like input, hidden, and output to learn from data [169]. Deep learning has a major
edge over traditional machine learning techniques due to its superior performance,
especially when dealing with vast amounts of data. Fig. 3.3 illustrates the overall
effectiveness of deep learning compared to machine learning as data volume grows.
The extent of variation may differ based on the data features and experimental

configuration [166].

L

Deep Learning
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Machine Learning

Amount of data

Fig. 3.3 Machine learning and deep learning performance in general with the amount of data
[166].

The most common deep learning algorithms are: Multilayer Perceptron (MLP),
Convolutional Neural Network (CNN, or ConvNet), and Long Short-Term Memory
Recurrent Neural Network (LSTM-RNN) [168]. In the following, we discuss various
types of deep learning methods that can be used to build effective data-driven models

for various purposes.

MLP: Also known as the feed-forward artificial neural network, is referred to as a
multilayer perceptron (MLP), as it serves as the base architecture of deep learning
[171]. A standard MLP is a densely connected neural network comprised of an input
layer, one or multiple hidden layers, and an output layer, as illustrated in Fig. 3.4.
Every node in a particular layer is linked to every node in the next layer using a
specific weight. MLP uses the "Backpropagation" method [169], which is considered
the foundational element in a neural network, to internally update the weight values

during model construction. MLP is affected by the scaling of features and offers the
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flexibility to adjust various hyperparameters like the number of hidden layers,

neurons, and iterations, leading to a potentially expensive computational model [166].

Input Hidden Layer Output
Layer Layer

Fig. 3.4 An example of Multilayer Perceptron Network [172].

LSTM-RNN: A type of recurrent neural network (RNN) architecture in deep
learning that integrates Long Short-Term Memory (LSTM) units to effectively model
and learn from sequential data. Unlike regular feed-forward neural networks, LSTM
incorporates feedback connections. LSTM networks excel in handling sequential
data, like categorizing, manipulating, and forecasting data from time series data,
setting them apart from traditional networks. Therefore, LSTM is applicable for data
that is sequential in nature, like time or sentences, and is often used in fields like time-
series analysis, natural language processing, and speech recognition [173]. Fig. 3.5

shows how LSTM-RNN algorithm works.
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Fig. 3.5 RNN v/s LSTM: RNNs use their internal state (memory) to process sequences of inputs
and Long Short-Term Memory (LSTM) network is a variant of RNN, with additional long-term
memory to remember past data [174].

CNN or ConvNet: The convolutional neural network (CNN) [92] improves the
traditional ANN design, including convolutional layers, pooling layers, and fully

connected layers, as depicted in Fig. 3.6.
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Fig. 3.6 CNN’s architecture.

Due to its utilization of the 2D structure of input data, CNN is widely applied in
various fields including image and video recognition, image processing and
classification, medical image analysis, and natural language processing. Despite
being more computationally intensive, CNN can automatically identify important
features without manual intervention, making it more potent than traditional NN.
Different CNN architectures, like AlexNet, Xception, Inception, VGG, and ResNet,

can be applied in the image processing and classification field [92].
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In the context of image super-resolution, deep convolutional neural networks have
proven to be a highly effective approach for reconstructing HR images from LR
inputs. Enhanced SRGAN (ESRGAN), a state-of-the-art model in this domain,
represents a significant advancement by integrating multiple optimized CNN layers
to improve both perceptual quality and reconstruction accuracy. The following

section delves into the architecture and features of ESRGAN.

3.5 Enhanced Super Resolution Generative Adversarial Network

3.5.1 Introduction

Super-resolution (SR) involves generating a HR image from LR inputs. When this
task uses only a single LR image, it is referred to as Single Image Super-Resolution
(SISR). Traditionally, the objective of SISR has been to minimize the mean squared
error (MSE) between the generated image and the original HR image. MSE quantifies
the average squared difference between the pixel values of the two images, with
smaller values indicating greater similarity. This optimization directly correlates with
improving the peak signal-to-noise ratio (PSNR), a widely used metric for evaluating
the quality of reconstructed images. PSNR measures the ratio between the maximum
possible pixel intensity and the magnitude of noise, expressed in decibels (dB), with

higher values indicating better image fidelity.

However, methods focused solely on optimizing PSNR often fail to produce images
with high perceptual quality, resulting in outputs that, while quantitatively accurate,
lack visually pleasing details [103]. After that, methods focused on perception were
suggested. Super- Resolution Generative Adversarial Network (SRGAN) utilizes
perceptual loss and generative adversarial networks (GANS) to create images that fall
within the natural image dataset. ESRGAN enhances SRGAN by utilizing an
architecture that includes RRDBs (Residual-in-Residual Dense Blocks) but excludes
BN (Batch Normalization) layers. Furthermore, the discriminator in use was the
relativistic average GAN (RaGAN) and the features were utilized pre-activation

[175].
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SRGAN Ground Truth

Fig. 3.7 The super-resolution results of x4 for SRGAN, the proposed ESRGAN and the ground-
truth. ESRGAN outperforms SRGAN in sharpness and details [175].

Numerous methods based on perception have been suggested to enhance the visual
appearance of SR outcomes [175]. For example, the idea of perceptual loss suggests
enhancing the super-resolution model in a feature space rather than in pixel space.
Generative adversarial networks in SR were incorporated by to promote the
generation of solutions resembling natural images. The addition of the semantic
image prior enhances the restoration of texture details. One of the achievements in
striving for visually appealing outcomes is SRGAN. The fundamental design
incorporates residual blocks and is fine-tuned using perceptual loss within a GAN
framework. Using a variety of methods, SRGAN greatly enhances the overall visual
quality of reconstruction compared to techniques that focus on PSNR [175].
However, there is still a noticeable disparity between the outcomes of SRGAN and

the actual ground-truth images, as illustrated in Fig. 3.7.

3.5.2 Network Architecture

Before diving into ESRGAN architecture, let's first gain a basic understanding of
GAN. GANSs can create artificial data that appears genuine. One of the applications
of GANSs is to improve the image quality. The GAN's structure (Fig. 3.8) includes

two primary networks: the generator network and the discriminator network. The goal
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of the generator network is to produce counterfeit data, while the discriminator
network's job is to differentiate between real and fake data, ultimately aiding the

generator in creating more authentic data [176].
Random
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Fig. 3.8 GAN’s Architecture [176].

Real Images

The ESRGAN has a similar structure to the SRGAN but with certain changes (Fig.
3.9). ESRGAN features the Residual in Residual Dense Block (RRDB), which
merges a multi-level residual network with dense connections while omitting Batch

Normalization.

m-» EHHY — BEHEEE —> 0 0 0 —> LEHA:[]44—> Bl —> >8>
LR
SR

Fig. 3.9 ESRGAN Architecture. They employ the basic architecture of SRResNet, where most
computation is done in the LR feature space. We could select or design “basic blocks” (e.g.,
residual block, dense block, RRDB) for better performance [175].

By modifying generator G to remove BN layers and substitute the Residual-in-

Residual Dense Block (RRDB) for the original basic block, the quality of the
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enhanced image in SRGAN can be improved [61]. The RRDB integrates multi-level

residual network and dense connections, shown in Fig. 3.10 [104].
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= =11
,l@'E@
O |x |0 2|2 2|2 SERYH
:> - = —’ Sl Sl elg— >
ozl Ols Sl |S
\R(V\\ RB w/o B\ ) o

Fig. 3.10 Residual in Residual Dense Block (RRDB). We remove the BN layers in residual block
in SRGAN. Right: RRDB block is used in our deeper model and § is the residual scaling parameter
[61].

3.5.3 Relativistic Discriminator

In addition to upgrading the generator's structure, they also improve the discriminator
using the principles of Relativistic GAN [177]. In contrast to the typical discriminator
(D) in SRGAN, which assesses whether an input image x is authentic and natural, a
relativistic discriminator aims to determine if a real image X, appears more realistic

compared to a fake image x¢, as illustrated in Fig. 3.11 [104].

More specifically, the standard discriminator is substituted with the Relativistic
average Discriminator (RaD) [177], known as Dg,. In SRGAN, the common
discriminator can be represented as D(x) = o(C(x)), where o represents the
sigmoid function and C(x) is the discriminator output without transformation. Next,
the RaD is defined as Dg, (x_1,x_f ) = o(C(x_r)— E_xf [C(x_f)]), where
E_xf [0] denotes averaging all fake data in the mini batch [104].

The loss of the discriminator is subsequently determined as:

IRa = —E, [log(DRa(x, x,))] — ;. [log(1 = DRa(x,x,))] >

R:Realdata and F: Fake data

D(x:) =0(C(R )) > 1 Real?  Drg(xp,xp) = 6(C(R )~ E[C(F )]) -1 Jorereabsiic
=

D(x;)=0(C(F )) >0 Fake?  Dgpo(xs,%,)=0(C( F )—E[C(R )]) »0 Lessrealistic

than real data?

a) Standard GAN b) Relativistic GAN
Fig. 3.11 Difference between standard discriminator and relativistic discriminator [104].
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The adversarial loss for generator is in a symmetrical form:

L}éa = _Exr[log(l - DRa(xr'xf ))] - Exf [log(DRa(xf'xr))]' 3-2

when x¢ is equal to the output of G (xi) and x; represents the initial LR image. The
adversarial loss for the generator is noted to include both x, and xr. Hence, this

generator leverages gradients from both synthetic and authentic data during

adversarial training, whereas SRGAN only utilizes the generated portion [104].
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Chapter 4: Experimental setup and Sample preparation
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In this chapter, we describe the experimental set-up for SHG microscopy (and P-
SHG). Initially, the laser that was used as a source for SHG microscopy will be
described. We then detail the microscopy setup used for SHG imaging. Next, we
explain the experimental conditions needed for conducting SHG polarization
microscopy. Finally, we describe the various procedures involved in preparing the

collagen samples.

4.1 SHG and P-SHG imaging setup

4.1.1 Laser Source for SHG Microscopy

The theoretical foundation of nonlinear light-matter interactions has existed for over
50 years, but non-destructive nonlinear microscopy only became feasible in the past
decade due to advancements in ultrafast (femtosecond) pulsed lasers. High peak
power is essential for efficient harmonic generation as the q™ order nonlinear optical
effect relies on the photon density of the created photon. Specification of the pulsed
lasers including the pulse duration, pulse energy, pulse repetition rate, and the
wavelength are significant factors in the field of nonlinear microscopy because not
only they determine the efficiency of the nonlinear processes, but they also define
whether the laser source can be used for nonlinear microscopy of biological specimen
without causing photobleaching or photodamage to the sample. Additionally, factors
such as tunable central wavelength, the price of the laser, and its ease of transport

may also influence the choice of laser source.

The signal in second-order nonlinear processes like SHG is directly related to the
square of the photon density, as explained in Eq. 2-40. This implies that if the pulse
duration is reduced by half, the peak intensity of the SHG signal can be increased by
a factor of four. Nevertheless, it is important to point out that reducing the pulse
duration by a factor of two will cause the pulse to be active for only half the time,
leading to the SHG signal being roughly proportional to the inverse of the pulse
duration. Therefore, it is beneficial to increase the peak power by minimizing the

pulse duration for a given average laser power. Nevertheless, it is important to note
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that the ultrashort pulses exhibit a broad spectral range, leading to an increase in group
velocity dispersion caused by microscope optics. Stretching the pulses will cause a
decrease in peak power. Additionally, if longer pulse durations are employed, a
higher average incident power is required to maintain a constant nonlinear signal
intensity. A higher average incident power may cause sample damage through linear
absorption or heating [178,179]. Considering all these factors, pulse durations in the

range of 70-200 fs are optimal for nonlinear microscopy [180].

Pulse repetition rate refers to the frequency of pulses in a pulsed laser, determined by
the time between each pulse. The pulse repetition rate in mode-locked lasers depends
on the laser cavity's geometry. For a constant average power on the sample with a
given pulse width, as the repetition rate increases, the pulse peak power decreases.
Hence, higher repetition rates at a given average power will result in a lower signal-
to-noise (SNR) ratio. It is also capable of causing harm to the sample by generating

heat.

While the general pulse repetition rate used in nonlinear microscopy lies in the range
of 10 to 100 MHz [139], there are applications where even SHG imaging is performed
using laser sources in the kHz regime. Such kHz repetition rate lasers, often based on
a femtosecond or picosecond amplifier system, become especially favorable when
higher pulse energies are needed or when thicker samples are in operation and require
greater depths of penetration and signal generation. Utilizing a kHz amplifier laser
system enables the generation of femtosecond pulses with tens of microjoules of
energy, allowing the beam to be defocused to prevent optical breakdown while
maintaining reasonable signal acquisition times. This capability makes such systems

highly versatile for a wide range of applications [181,182].

The laser wavelength is also a crucial aspect to consider when choosing a laser source,
as it is heavily influenced by the optical properties of the sample. The range of
wavelengths commonly utilized for biological samples is 800-1700 nm,
encompassing the 700—1200 nm spectrum recognized as the "optical window of cells

and tissues". Most unstained cells and tissues have low one-photon absorption and
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scattering coefficients in this spectral range [180]. It has been suggested that the best
excitation wavelength for SHG microscopy of collagenous tissues, the main topic of
this thesis, falls within the 800-900 nm range, where SHG intensity is optimal
[181,182]. Nevertheless, it is important to acknowledge that the autofluorescence of
the biological tissue exists in the same excitation wavelength range, but it is
negligible. Additionally, one must consider the varying sensitivity of the detectors to
different signal wavelengths caused by different laser excitations. Hence, the laser
excitation source must be carefully selected for every sample. Among the various
laser sources available, the Ti:Sapphire laser is frequently utilized for nonlinear
microscopy because of its short pulse duration and wide tunability from 700-1000
nm. This allows the photoexcitation of a variety of fluorophores. On the other hand,
longer wavelengths (> 1um) are preferred since they have the ability to be utilized in
both SHG and THG (Third harmonic generation) microscopy, enhance the depth of
penetration by minimizing scattering at the laser wavelength, enable better collection
of signals by reducing scattering of harmonic signal wavelength inside the sample,
and decrease the excitation of intrinsic fluorophores [183,184]. Thus, lasers with
longer wavelengths, like Ytterbium-based lasers which operate in the range of 1020—
1050 nm, have gained popularity not only for these optical advantages but also for

their operational efficiency, reliability, and ease of use in various applications.

For all the SHG microscopy experiments in this thesis, a mode-locked fiber
Ytterbium (Yb) laser (MPB Communications Inc., Montréal, CA) was used. The laser
operates at 1040 nm, producing 125 fs pulses at 25 MHz with an average power of 3
W.

4.1.2 SHG Imaging configuration

SHG microscopy was performed using a custom laser stage inverted scanning
microscope. The schematic of the main components of the SHG microscope is
illustrated in Fig. 4.1. As previously stated, a mode-locked fiber Yb-based laser was
utilized as the source. This laser is capable of emitting pulses with an average power

of 3 W. However, such a high power is unnecessary for imaging and risks damaging
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the samples. To solve this, various techniques can be employed to control the laser

power effectively.

Neutral density (ND) filters are a straightforward solution, but they don’t offer much
flexibility when it comes to adjusting the power range. Another option is an acousto-
optic modulator (AOM), which controls the laser power by changing the radio
frequency (RF) drive power. Although AOMs can be effective, they can be difficult
to align at first, and maintaining alignment between the laser and the microscope can
be challenging. For individuals seeking a more automated solution, electro-optic
Pockels cells present a viable alternative. These devices deliver comparable
performance and can be conveniently controlled through computer interfaces.
However, their high cost may limit their practicality, unless the additional

functionalities they offer are essential for the application.

A better choice for our setup is using polarization-based methods. Unlike ND filters
or AOMs, polarization methods do not deflect the laser beam, making them more
reliable for maintaining alignment throughout the optical path. Additionally,
polarization techniques offer a broader and continuously variable dynamic range,

making them highly suitable for precise power adjustments.

In our case, we utilized an optical approach that combines a half-wave plate (A/2) and
a polarizer (Glan-Thompson), as shown in Fig. 4.1. The polarizer sets the laser’s
output to a fixed linear polarization. By rotating the half-wave plate’s angle relative
to the laser polarization—either by hand or with a motorized control—we can adjust
the laser power by a factor of about 100. This translates to a dynamic range of up to
10* for the SHG intensity, which is more than enough for our needs. By this method,
the average power of our laser can be adjusted from 20 to 125 mW (0.8 to 5 nJ energy
per pulse).
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Fig. 4.1 Imaging configuration for SHG setup

The large size of the samples required for imaging made it crucial to use a scanning
approach that was both precise and efficient. To address this, a high-speed motorized
XY scanning stage (MLS203; Newton, NJ, USA) was employed. This system offered
the accuracy and speed necessary to cover wide sample areas without compromising
image quality. Focusing the imaging system involved a two-step process: coarse
adjustments were carried out using mechanical motors to get the sample roughly
aligned, while fine adjustments relied on highly sensitive piezoelectric motors (PI
Nano-Z, USA) to achieve optimal focus with precision. Illumination was performed
using an air objective (UPlanSApo 10X, NA 0.3, Olympus, Japan), which provided
a suitable balance between resolution and working distance, making it an ideal choice

for SHG imaging.

To capture the SHG signal emitted by the sample, a high-efficiency condenser was
employed. This ensured maximum light collection while minimizing signal loss,
which was particularly important given the weak nature of the SHG signals. The
collected light was then directed to a photomultiplier tube (PMT; R6357, Hamamatsu
Photonics) operating at 800 V, offering the sensitivity required to detect the signal.

To further enhance the accuracy of signal detection, a pair of carefully chosen spectral
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filters was placed before the PMT. A short-pass filter was used to block any
wavelengths longer than 720 nm, effectively eliminating residual input laser light,
while a bandpass filter centered at 515 nm isolated the SHG signal, ensuring only

SHG reached the detector.

Signal acquisition and synchronization were managed by a multichannel input/output
(I/0) board (National Instruments) that worked in conjunction with a custom-
developed Python program. This combination allowed for precise control of timing
and seamless data acquisition, accommodating the high-speed demands of the
imaging process. Despite the efficiency of the system, the relatively large sample size
and the acceleration and deceleration periods of the motorized scanning stage resulted

in each SHG image requiring several minutes of acquisition time.

Once imaging was completed, the raw data were processed and visualized using Fiji-
Image] software (NIH, USA). This software provided robust tools for both data
analysis and image enhancement, enabling detailed examination of the acquired
images. The complete imaging configuration, including the scanning stage, optics,
and detection components, is depicted in Fig. 4.1 for clarity. This setup was
specifically designed to deliver consistent, high-quality SHG images of collagen

samples, ensuring the data collected were reliable and suitable for further analysis.

4.1.3 P-SHG Imaging experimental setup

Polarization analysis, applied to both the excitation and emission in SHG imaging,
offers valuable insights into the tissue structural data, particularly their fiber packing
[185]. This technique takes advantage of the fact that SHG intensity is strongly
influenced by the alignment between the laser’s polarization and the orientation of
the fibers in the sample. By analyzing this relationship, researchers can measure SHG
anisotropy, which provides detailed information about the directional organization of

the fibers.

However, this approach has a limitation in that it often fails to measure the direction

of fibers oriented orthogonally to the laser polarization. This indicates that while
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polarization analysis is highly effective for studying fibers aligned with the
polarization, it is less suitable for capturing signals from orthogonal orientations, as
stated in Eq. 2-41. Additionally, this principle primarily applies to fibers in the
transverse plane, as discussed in Section 2.4. Along the axial propagation direction
of the laser beam (Fig. 2.4), the generation of SHG signals is minimal due to the
constraints imposed by the rules governing electric dipole interactions, as illustrated

in Fig. 1.7.
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Fig. 4.2 Schematic of P-SHG Imaging setups. The configuration builds upon the SHG imaging
setup (Fig. 4.1) by incorporating a motorized half-wave plate to control and rotate the linear
polarization of the incident laser beam. This addition enables the acquisition of images at various
polarization states.

Extending this method further, polarization analysis can be used to map out spatial
variations in fiber organization within tissues, which can reveal changes associated
with diseases or developmental processes. By systematically varying the laser’s
polarization and analyzing the resulting SHG signals, researchers can build a
comprehensive picture of the sample’s structural anisotropy. Such detailed imaging

has applications in fields like cancer research, where changes in the extracellular
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matrix’s organization often correlate with tumor progression, or in regenerative

medicine, where tissue structure plays a key role in functionality [213].

Therefore, for P-SHG imaging, we used the same SHG imaging configuration shown
in Fig. 4.1, with adding a motorized half-wave plate to control and rotate the linear
polarization of the incident laser beam, which allowed us to capture images at
different polarization states. To fully map the polarization dependence of the SHG
signal, we recorded images at 18 distinct polarization angles, stepping in increments
of 10° from 0° to 170°. This systematic rotation enabled us to gather comprehensive
data about the sample’s structural anisotropy. The entire process was carefully
coordinated using a custom-built Python program, which synchronized the movement
of the motorized half-wave plate with the sample scanning. This integration ensured

seamless data acquisition, minimizing errors, and maximizing efficiency.

For high-quality P-SHG imaging, random regions of interest of 1000 x 1000 um were
imaged from different samples, and an air objective (UplanSApo 20X, NA 0.75,

Olympus, Japan) was used for focusing.

4.2 Sample preparation

Sterol-CoA knockout, wild-type, and heterozygous mice were studied at three critical
stages of mammary gland development: the prepubertal stage (week 4), pubertal stage
(week 6), and adulthood (week 10). For the adult female mice, their reproductive
cycle was carefully monitored using an impedance meter, which measured resistance
in the vaginal mucosa. A peak reading indicated the mice were in proestrus; mice

were sampled at estrus.

The mice were sacrificed using CO, asphyxiation, followed by cervical dislocation.
All animal procedures followed the guidelines set out by the Canadian Council of
Animal Care (CCAC) and the ARRIVE guideline and were approved by the
Institutional Animal Care and Use Committee of the INRS.
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To harvest mammary glands, each mouse was secured on a foam pedestal, and the
abdomen was carefully opened to expose the mammary glands. The left inguinal
mammary glands were quickly harvested to preserve tissue integrity and placed on
glass slides for further preparation. The glands were gently stretched to approximate
their natural shape using pliers. A layer of parafilm was placed over the gland, which
was then flattened under the weight of a heavy metal block for a few minutes. This
step ensured uniform thickness and structural consistency. The prepared slides were
immediately immersed in Carnoy’s fixative solution (60% ethanol, 30% chloroform
and 10% glacial acetic acid) for four hours at room temperature. This fixation process

preserved the tissue morphology for downstream analysis.

Following fixation, the tissues were rehydrated stepwise by immersion in graded
ethanol baths (95%, 75%, 50%, and 25%) and finally in distilled water. The slides
were then stained in a carmine alum solution (2% carmine and 5% potassium
aluminum sulfate in water) for three hours. This staining imparted a vivid violet color

to the mammary epithelium, enhancing the contrast for visualization.

After staining, the tissues underwent gradual dehydration through increasing
concentrations of ethanol (25%, 50%, 75%, and 95% EtOH) before being incubated

overnight in xylene. This final step cleared the tissues and prepared them for imaging.

=
=
o~

Fig. 4.3 Whole mount of mouse mammary gland. arrows depict the epithelium ducts and
arrowhead shows the lymph, modified from Plante et al. [186].

The stained and cleared mammary glands were imaged using a lightbox setup with a
camera and measurement key, allowing for detailed comparison between samples

(Fig. 4.3). Once digitized, the images were analyzed using Image] software. This
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analysis focused on quantifying key structural features of the mammary glands,
including the extent of epithelial branching, the number of terminal buds, and overall
gland architecture. These meticulous procedures provided valuable insights into the
developmental changes and structural differences between the various genotypes

[186].
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Chapter 5: Accelerating P-SHG Imaging with Machine
Learning Upscaling
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The experimental outcomes of the SHG and P-SHG imaging setup are presented in
this chapter. First, the high-quality SHG imaging results of the entire mammary gland
are shown, along with a description of their limitations. The low-quality P-SHG
images of the entire sample are then described, followed by a discussion of machine
learning techniques used to upscale these images in order to improve image quality
and speed up imaging time. As demonstrated in our recent published paper [62],
machine learning-based approaches can effectively enhance P-SHG image resolution
while preserving structural information. High-quality P-SHG images of selected
regions of various samples are then shown, and a comparison with the upscaled P-
SHG image results is made to assess the method's accuracy. Finally, image quality
metric evaluations are performed to ensure the structure of both the original and

upscaled images was preserved.

5.1 High-quality SHG imaging

5.1.1 SHG images

Using the SHG imaging configuration (Fig. 4.1), we captured a high-resolution image
of mammary gland samples, which is shown in Fig. 5.1. These original high-quality
SHG images had a size of 1800 x 800 pixels with the pixel size of 10 um, allowing
for clear capture of intricate structural details. This level of resolution ensured that
the delicate features of the mammary gland tissues were accurately recorded,
resulting in a clear and comprehensive visualization of their architecture. These
images, with their sharpness and rich visual content, were critical tools for analyzing
the samples' morphological features. The detailed resolution allowed for the study of
key aspects of mammary gland development, such as epithelial structure branching,
terminal bud formation, and tissue organization. This high-quality imaging provided
structural assessments, and a solid foundation for comparing structural differences

across sample groups.
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Fig. 5.1 High-quality SHG images of three different mammary gland samples. The size of these
images is 1800x800 pixels, which indicated a substantial amount of detail and clarity in each image.
The imaging time for each image was approximately 18 min, given the speed of the scanning stage
and chosen pixel size of 10 pm.

5.1.2 Histological images

A histological image is a microscopic representation of a sectioned and stained tissue
sample. Histological images help in the identification and characterization of

diseases, especially cancer, in medical research and diagnostics. Because histological
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analysis directly affects medical decisions and the comprehension of intricate

biological processes, its accuracy is crucial.

Fig. 5.2 Histological and SHG images of two different mammary gland samples provide a
comprehensive view of tissue microstructures.

Fig. 5.2 displays the histological images along with their corresponding SHG imaging
counterparts for two different mammary gland samples. A complete knowledge of
tissue structure and organization can be obtained by comparing histological images
with their SHG imaging counterparts. In order to preserve the structural integrity of
the tissue in the improved SHG images, this integration assists in the upscaling

process by offering structural guidance from the histological images.
5.2 SHG limitations and P-SHG microscopy

Although SHG microscopy has played an important role in collagen research,
depending just on SHG intensity for orientation studies may cause interference and
hinder fibril orientation imaging [63]. To overcome these limitations, polarization-
resolved SHG microscopy (P-SHG) has emerged, which combines the advantages of
SHG microscopy and polarimetry [51,63,187]. P-SHG is commonly used in collagen
research due to its ability to provide precise information about fibril structures within
the imaging plane. This is especially useful in mammary gland research [188]. In

traditional P-SHG imaging, smaller sample areas are imaged and investigated.
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However, this approach runs the risk of overlooking critical spatial information,

particularly in developmental studies where the macroenvironment is crucial.

As the imaging process expands to larger areas, the coherent nature of the SHG signal
can lead to interference effects, potentially canceling out certain structural variations
in the sample. While this may limit the detection of finer details, it is an inherent
characteristic of SHG imaging and is considered an acceptable trade-off in the context
of our research. In cancer boundary research, the wide alignment of the collagen
barrier is useful [189]. Similarly, understanding macroenvironmental effects on
mammary gland development requires whole-sample P-SHG imaging. While this
approach may lack some smaller variations and fibers, the comprehensive perspective
it provides on collagen alignment across the entire gland is critical for a thorough

understanding of the developmental processes at work.

Fig. 4.2 shows an imaging configuration that can be used for P-SHG imaging.
Changing the half-wave plate in this imaging setup allows us to control the
polarization direction of the incident laser pulse to scan the polarization dependence

of the SHG signal.

Fig. 5.3 High-quality P-SHG images of a mammary gland sample captured at nine different input
laser polarization angles.
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Fig. 5.3 shows P-SHG images of a mammary gland sample at various laser beam
polarization angles. The incident laser beam polarization can be aligned by

controlling and rotating the half-wave plate, as shown in the P-SHG setup (Fig. 4.2).

According to Eq. 2-39, the SHG intensity of a particular fiber is maximized when the
incident laser polarization is parallel to the fiber direction, and both are in the same
plane. The P-SHG results in Fig. 5.3 show that fibers aligned with the laser
polarization exhibit the highest SHG signal intensity. In the visualization, different
polarization angles are represented by distinct colors to illustrate the signal variation
with polarization. As a result, we can easily estimate the fiber direction for different

mammary gland samples using P-SHG images, as discussed in the following section.

We need to capture 18 high-resolution images for complete polarization scanning
using the P-SHG imaging method. Our setup uses high-quality SHG or P-SHG
images with a size of 1800 x 800 pixels (with pixel size of 10 um), allowing for clear
capture of structural details. The imaging time for each image is approximately 18
minutes, based on the scanning stage speed and pixel size of 10 pm. As a result, it
will take more than 4 hours to image each sample, implying a continuous laser-sample
interaction that could damage or dry the sample. To address these issues and prevent
sample damage, we can reduce imaging time by lowering image quality. Compared
to high-quality images, the original low-quality images have a lower resolution of
225x100 pixels with pixel size of 80 um. This lower resolution implies a significant

loss of detail and sharpness when compared to higher-quality counterparts.

To reduce imaging time and mitigate potential sample damage, we opted to lower
image resolution, which significantly decreases acquisition time. While high-quality
P-SHG images have a size of 1800 x 800 pixels (pixel size of 10 um) and require
approximately 18 minutes per image, reducing the resolution to 225 x 100 pixels
(pixel size of 80 pm) reduces the imaging time to just 45 seconds per image. This
allows us to capture all 18 polarization angles for P-SHG in the same amount of time
required for a single high-resolution image. However, the lower resolution results in

a substantial loss of detail and sharpness, making the images unsuitable for P-SHG
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analysis with the existing method. To overcome this limitation and retain the
advantages of faster imaging, we employed machine learning-based image upscaling
techniques. These methods enhance the resolution and quality of low-resolution
images, making them compatible with the P-SHG analysis while maintaining

significantly reduced imaging times.

5.3 Machine Learing models for Upscaling images

Multiple models were used for image upscaling, including Ultrasharp 4X [190],
ESRGAN Nomos2 K [191], NMKD [191], 4X-UniScaleV2 Sharp [192], and
ESRGAN [193]. The upscaling was carried out using the ChaiNNer program, which
can be found at [194]. Furthermore, we investigated guided upscaling techniques
using PixTransform [195], using high-quality SHG images as references to guide the
upscaling of 18 distinct P-SHG images over a range of iterations (1,000-30,000) and
channel-split modes. This process was optimized for performance by combining an

RTX 3060Ti GPU with a local computing setup.

5.3.1 Quality Metrics

To make sure that the structure and integrity of original images were preserved,
quality metric evaluations were performed. There are various quality metrics for
comparing the output of image upscaling models to the original high-quality SHG
images. So, in the following section, we will present some of these quality metrics,
including the Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
(SSIM), Perceptual Image Quality Evaluator (PIQE), and Naturalness Image Quality
Evaluator (NIQE) are the ones that were used in this study. Since one metric is not
appropriate for considering every aspect of a generated image, multiple image quality

metrics were used [172].

The PSNR measures the maximum pixel value ratio to the mean squared error in an
image [197]. Higher PSNR values indicate better image quality and correlate well
with perceived visual quality. SSIM evaluates the luminance, contrast, and structure

between two images and considers human visual perception. The SSIM ranges from
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-1 to 1, where 1 indicates identical images, 0 indicates no similarity, and -1 indicates
anticorrelation [197]. PIQE is designed to evaluate the visual quality of images in a
manner that closely aligns with human perception [198]. It incorporates various visual
features such as contrast, luminance, and texture to compute a quality score that
reflects perceived image quality [198]. NIQE explicitly targets the assessment of
naturalness in images [199]. It computes features related to the distribution of pixel
values, luminance, contrast, and other statistical properties [199]. Unlike SSIM and
PSNR, which require a reference image, NIQE and PIQE do not require a reference

image [198,199].

To give a thorough evaluation of the models and upscaled images, we also looked at
the intensity, texture, and contrast metrics. The intensity metrics comprised minimum
and maximum intensity values, the median intensity, mean intensity, and standard
deviation of intensity. While the standard deviation of the intensity quantifies the
variation in pixel intensities, the mean intensity represents the average pixel intensity
of the image [62]. The minimum and maximum intensities show the range of pixel
values in the image, while the median intensity gives the middle value of pixel

intensities [62].

Michelson contrast and root mean square (RMS) contrast were among the contrast
metrics used [200]. While the Michelson contrast assesses the contrast between the
maximum and minimum pixel intensities, the RMS contrast measures the image's

overall contrast, indicating the degree of contrast enhancement [200].

Gray-level co-occurrence matrix (GLCM) metrics like dissimilarity, homogeneity,
energy, and correlation were used in texture analysis [201]. The difference between
neighboring pixel values is measured by dissimilarity; lower values denote a more
homogeneous texture. A uniform texture is indicated by homogeneity, which is the
proximity of the GLCM diagonal to the element distribution [201]. Textural
homogeneity is measured by the energy, or angular second moment, and the linear

dependence of pixel values is measured by the correlation [201].
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Additionally, we included sophisticated metrics like the Edge Preservation Ratio
(EPR) for evaluating edge retention [202], Visual Information Fidelity (VIF) for
quantifying visual information preservation [203], the Feature Similarity Index
(FSIM) for evaluating structural similarity [204], and local binary patterns (LBP) for
texture analysis [205]. The statistical characteristics of the images were compared
using histogram-based metrics like Kullback-Leibler divergence, histogram

correlation, and histogram intersection [206].

5.3.2 Model performance and selection criteria

To objectively evaluate the performance of each upscaling method, we applied the
quality metrics introduced in the previous section. The results of this evaluation are

shown in Table 5.1.

Table 5.1 Comprehensive performance comparison of upscaling models

mSSIM  NRMSE AII;SI\iR b PSNR Vieual Inocct
Method Ratio Ratio solute ercentage 1sual Inspection
Improvement  Improvement
UltraSharp ~ 0.939  1.036 0.92 -5.02%  Mosttrue to original
Introduced noticeable
ESRGAN 0953  1.047 -0.70 -3.84%  artifacts in complex
patterns
Tended to oversmooth,
NMKD 0.691 1.164 -1.83 -10.08% IOSIHg fine details

Better detail preservation

NOMOS 0.866  1.127 -1.44 7.90% but tended to oversmooth
and artifact

Not suitable for P-SHG
PixTransform 1.335 1.100 -1.13 -6.22% application

Significant loss of detail
UniScale 0.627 1.209 -2.20 -12.12% and increased blurring

This table offers a comprehensive side-by-side comparison of the evaluated upscaling
models based on key performance metrics, providing insight into their effectiveness.
One of the primary metrics, the mSSIM ratio, measures how well the upscaled image
retains structural similarity to the original image, with higher values signifying better

preservation. Among the models tested, Ultrasharp 4X (0.939) and ESRGAN (0.953)
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excelled in maintaining structural integrity, while UniScale (0.627) lagged

significantly, indicating poor performance in this area.

Another critical metric, the NRMSE ratio, quantifies the level of error introduced
compared to the original image. Values closer to 1 suggest minimal error, and again,
Ultrasharp 4X (1.036) and ESRGAN (1.047) performed remarkably well. These
results highlight their capability to minimize discrepancies during the upscaling

process.

The PSNR improvement, which measures the change in image quality, further
supports the findings. In this case, smaller values close to zero indicate better
preservation of quality. While all models experienced some degree of degradation,
ESRGAN (-0.70, -3.84%) and Ultrasharp 4X (-0.92, -5.02%) demonstrated the least

quality loss, reaffirming their reliability in retaining critical image details.

In addition to the quantitative metrics, visual inspection played a crucial role in
evaluating the models. This qualitative assessment focused on the ability to preserve
fine details, texture, and the overall integrity of the original images without
introducing noticeable artifacts. Ultrasharp 4X emerged as a standout performer,
striking an excellent balance across all metrics. Its high mSSIM score reflects robust
structural preservation, while the minimal error indicated by its NRMSE ratio
underscores its precision. Despite a slight PSNR degradation, visual inspection
confirmed that Ultrasharp 4X produced upscaled images that were strikingly true to

the originals, maintaining essential details and avoiding any significant distortions.

This balanced performance positions Ultrasharp 4X as an ideal choice for
applications where high fidelity and minimal error are critical, demonstrating its
superiority over the other tested models. Its ability to consistently deliver high-quality

results makes it a dependable tool for advanced imaging needs.

While Table 5.1 compares upscaled models using fundamental image quality metrics
(MSSIM, PSNR, and NRMSE), a more specialized analysis is required to fully

understand how each upscaled image compares to the original high-quality image
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across various image quality dimensions. To accomplish this, we used a set of
specialized metrics centred on feature similarity, visual information fidelity, edge
preservation, texture similarity, and intensity distribution. Table 5.2 shows the results
of these analyses. These metrics provide complementary information about how well
each upscaling method maintains or improves the various aspects of the original

image quality.

Table 5.2 presents additional insights based on the comparison metrics. FSIM scores
were high for all models (ranging from 0.896 to 0.919), with NOMOS slightly
outperforming the others. VIF scores vary more, with UniScale (0.117) being the
highest, followed by NOMOS (0.103) and NMKD (0.090). LBP_Similarity
demonstrated significant improvements for all models when compared to the low-
quality image (0.471), with PixTransform (0.960) and UniScale (0.891) performing
the best.

Table 5.2 Specialized Image Quality Metrics for Upscaled vs. Original Image Comparison

Original ~ Ultrasharp_ Pix-

Metric vs Low 4X ESRGAN NMKD NOMOS Transform UniScale
FSIM 0.884 0.910 0.904 0914  0.919 0.918 0.896
VIF 0.046 0.062 0.054 0.090  0.103 0.089 0.117
EPR 0.042 0.019 0.017 0.013  0.016 0.673 0.014
LbBP 0.471 0.758 083 088  0.693 0.960 0.891
Similarity
Histogram 0.898 0.894 0.884 0.959  0.863 0.708 0.728
Intersection
Histogram 0.964 0.962 0.937 0.990  0.935 0.839 0.722
Correlation
KL 0.130 0.049 008 0014  0.086 1377 0.237
Divergence

NMKD performs particularly well in histogram-based metrics, with high scores in
histogram_intersection (0.959) and histogram_correlation (0.990), indicating that it
is very effective at preserving the original image's overall intensity distribution. The
Kullback-Leibler Divergence reveals that NMKD (0.014) and Ultrasharp 4X (0.049)
outperform other models, indicating better preservation of the original image's
intensity distribution. However, PixTransform had a higher KL Divergence (1.377),

indicating less similarity to the original distribution in this regard.
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In our investigation into various upscaling techniques, we first considered the
PixTransform-guided upscaling approach, which has the potential to use high-quality
SHG images as references to improve the upscaling process. In theory, this method
provides a promising avenue for improving the resolution and detail of P-SHG
images, which is critical for accurately identifying and analyzing collagen fiber
orientation and other microstructural details. However, P-SHG imaging has unique
features, where image properties such as signal intensity and fiber orientation change
dynamically with different input laser polarization angles. These dynamic changes
present unexpected challenges. During preliminary trials, we discovered that while
PixTransform effectively filled in missing details in regions with low signal-to-noise
ratio (SNR) or where details had been lost due to low resolution, it did so without
considering the critical angle-dependent variation properties of P-SHG images.
Specifically, the guided upscaling process, in its attempt to interpolate and enhance
image details based on high-quality references, introduced artifacts and inaccuracies
by "filling in the gaps" in a way that was inconsistent with actual, angle-dependent
SHG signal variations. This discrepancy stems from the model's inherent design to
generalize from reference images, resulting in misrepresentations where P-SHG
imaging relies on precise laser angle-specific signal variations to accurately establish
fiber orientations. The consequent images, while visually improved in terms of
sharpness and resolution, misrepresented the fundamental biological structures. This
was due to the overlaying or amplifying details that did not correspond to the actual

orientation and distribution of collagen fibers, as determined by varying laser angles.

Furthermore, we investigated the ESRGAN, another sophisticated upscaling model
known for its impressive improvements in a variety of imaging contexts. Despite its
capabilities, ESRGAN did not meet the stringent requirements for accuracy and detail
preservation in P-SHG image upscaling. Similar to guided upscaling attempts,
ESRGAN introduced changes that compromised the integrity of our imaging

technique, making it an unsuitable option.
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After careful evaluation, it became clear that not all models performed equally.
Despite each method's potential, only Ultrasharp 4X proved to be a viable solution
that closely approximates the quality and fidelity of original high-quality SHG
images. This finding was critical because our primary goal was to ensure that the
upscaled images retained as much original detail and structural integrity as possible

while avoiding artifacts or distortions that might compromise analytical accuracy.

A visual comparison of the upscaling methods reveals differences in performance and

outcome quality, as depicted in Fig. 5.4.

Fig. 5.4 A comparison of upscaled models for P-SHG imaging. This figure shows a side-by-side
comparison of a) original high-quality and b) low-quality SHG images versus images upscaled
using various models such as ¢) ESRGAN, d) Nomos2K, e) Ultrasharp_4X, f) NMKD, g) guided
upscaling via PixTransform, and h) Uniscale.
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P-SHG requires absolute precision and detail fidelity. Implementing "Ultrasharp 4X"
with the ChaiNNer program represents a significant step toward expanding advanced
P-SHG imaging enhancement. Despite its impressive capabilities, accessibility is
limited. The program was designed for ease of use and required little deep learning
knowledge from users. The hardware requirements were clearly documented, and the
computational resources of most modern research laboratories were found to be

adequate for basic operations.

5.4 Original vs. upscaled SHG images

The high-quality original image of the sample, along with the low-quality image and
its upscaled counterpart of two different mammary gland samples, are shown in Fig.

5.5.

Fig. 5.5 This figure divides images into three categories: original high quality (1a, 2a), original low
quality (1b, 2b), and upscaled images (1c, 2¢) from two different samples. High-quality images
(1a,2a) had a resolution of 1800 x 800 pixels, while low-quality images (1b,2b) had a resolution of
225 x 100 pixels. Upscaled images (1c,2¢) had a size of 3600 x 1600 pixels.
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The original high-quality images provided detailed visual information whereas the
low-quality images had reduced resolutions of 225 x 100 pixels and hence did not

contain detailed information sharp enough for P-SHG analysis.

To address this limitation, we employed the Ultrasharp 4X model, based on
ESRGAN, to upscale the low-quality images. This method was selected from among
upscaling approaches since it gives the best performance for our use case. This
method did not work well because in P-SHG, changing the laser input angle causes
changes in the SHG based on fiber alignment. We discovered that the model
attempted to fill in missing intensities and omit specific pixels in order to shape the
image based on the reference image; Thus, individually upscaling each P-SHG image
was best for our needs. Using Ultrasharp 4X twice increased image resolution by
16x, resulting in 3600 x 1600 pixels. While upscaled images appear more detailed
and visually larger than their original counterparts, they frequently suffer from quality
degradation due to the interpolation and extrapolation involved in the upscaling
process. To mitigate these issues, detailed quality control measures were

implemented to evaluate the fidelity of the upscaled images.

5.5 Quality control of upscaled SHG images

At this stage, we have used the ESRGAN (Ultrasharp 4X) model to upscale low-
quality P-SHG images of the entire mammary gland sample. Now, we can obtain
high-quality P-SHG images of a few areas of various samples and compared the
outcomes with upscaled P-SHG image results in order to assess the accuracy of the
method. Our evaluation strategy included a combination of no-reference and full-
reference image quality metrics, as well as statistical analysis using analysis of
variance (ANOVA), to provide a comprehensive understanding of the upscaled image

quality in comparison to their original high-quality counterparts.

5.5.1 No-reference quality metrics

We started with no-reference quality metrics, specifically the NIQE and the PIQE,

which evaluate image quality without requiring a reference image. These metrics are
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especially useful in determining the perceptual quality of upscaled images. The

results for two different mammary gland samples are summarized in Table 4.

Table 5.3 No-reference quality metrics for two different mammary gland samples

Sample | Method LO\i)Vn-l(;lgzlity Ui[;;(;agl:d Higilrlr-lglglzlity
NIQE 8.940 3.186 6.707
! PIQE 40.797 23.234 46.404
b NIQE 9.908 2.749 7.532
PIQE 89.992 31.906 52.931

The lower scores for upscaled images across both the NIQE and PIQE metrics indicate
an improvement in image quality after upscaling. This indicates that our method
effectively improved the perceptual quality of the images, making them more natural
and visually appealing than the original high-quality images. These findings support
the effectiveness of our upscaling method, though it is important to note that there
may be a difference between computational quality assessments and human
perception. PIQE and NIQE make sense in this context because they are non-
reference image quality metrics that are ideal for assessing the quality of upscaled

images when there is no high-quality original to compare.

Their application provides a quantitative method for evaluating image quality
improvements that may not be immediately apparent through visual inspection alone.
Despite concerns that these metrics may be tuned for "computer perception,” the
lower scores for predicted images compared to source images indicate a successful
enhancement. However, the difference between these scores and human perception
emphasizes the importance of using a variety of metrics, including full-reference
metrics like MS-SSIM, PSNR, and NRMSE, to obtain a comprehensive evaluation

of image quality post-upscaling.
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5.5.2 Full-reference quality metrics

Next, we used the full-reference metrics MS-SSIM, PSNR, and NRMSE to evaluate
the quality of the images. These metrics, which emphasize structural similarity, signal
fidelity, and error, provide different perspectives on image quality but requires a

reference image for comparison. Table 5 provides a summary of the findings.

Table 5.4 Full-reference quality metrics for two different mammary gland samples

Sample Method Lo‘i’vn'l‘;‘;hty Ui[;;(;agl:d
MS-SSIM 0.33 031
a PSNR 18.31 17.39
NRMSE 0.28 0.29
MS-SSIM 0.01 0.01
b PSNR 9.14 9.14
NRMSE 0.56 0.56

This upscaling algorithm's ability to preserve the structural integrity and signal
fidelity of the images is demonstrated by the comparable MS-SSIM, PSNR, and
NRMSE values between the source and prediction images for both samples. The
general similarity in the scores indicates that our approach is capable of improving
the images without sacrificing the original quality, despite minor differences in a few
metrics. In order to statistically determine the variations in image quality among the
Low-quality, Upscaled, and High-quality image groups, we performed ANOVA in
addition to an extensive evaluation of the no-reference and full-reference quality
metrics. We were able to thoroughly test for significant variations in the image quality
generated by our upscaling procedure thanks to this statistical method. Following, we
combine the results of the ANOVA with the quality metric assessments that have

already been addressed.

5.5.3 Analysis of variance (ANOVA) results

We used ANOVA to statistically compare the no-reference and full-reference metrics

applied to assess the image quality across high-quality and upscaled image groups.
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The effectiveness of our upscaling techniques was assessed quantitatively by using
ANOVA to find any statistically significant variations in the image quality. Table 5.5

presents the findings.

Table 5.5 ANOVA results
Metric . . F-Value P-Value Highest Effect
Category Metric Details Range Range Size (n?)
No-reference NIQE and PIQE
Quality Metrics combined 0.654 0.543 0.109
Full-reference | M>SoIM, PSNR,
. X and NRMSE 0.003 to 0.006 | 0.948 to 0.982 0.001
Quality Metrics )
combined
Texture Varlous texture | g 145 1651 | 0.216-0.811 0.248
metrics (Homogeneity)
Contrast Various contrast | 7331 199 | 0.359-0.041 | 0194 (RMS
metrics Contrast)
Comparison | Yarious comparison | o 5 5 539 | (1120993 | 0309 (Hist
metrics Correlation)

In Table 5.5, the F-value represents the ratio of the variance between groups to the
variance within groups, with larger values indicating greater differences between
groups [207]. A p-value indicates the probability of obtaining test results at least as
extreme as the observed results, assuming that the null hypothesis is correct [207]. A
p-value less than 0.05 is typically considered statistically significant. The effect size
(n2) quantifies the magnitude of the difference between groups with values of 0.01,
0.06, and 0.14 typically considered small, medium, and large effects, respectively

[208].

For every set of metrics, the ANOVA results showed no statistically significant
differences between the source and prediction groups or between upscaling
techniques (p > 0.05). However, the variation in effect sizes (n?) and F-values
indicates practical differences that should be considered. The no-reference quality
metrics (NIQE and PIQE) showed a medium effect size (n? = 0.109), indicating a

noticeable impact on perceptual image quality. In contrast, the full-reference quality
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metrics (MS-SSIM, PSNR, and NRMSE) show a very small effect size (n* = 0.001),

suggesting high preservation of structural similarity and signal fidelity.

Among the specific metric categories, comparison metrics, particularly Histogram
Correlation, showed the largest effect size (n? ~ 0.309), followed by texture metrics
(homogeneity, n? ~ 0.248) and contrast metrics (RMS Contrast, n? ~ 0.194). These
moderate effect sizes suggest practical differences in these aspects of image quality

across the upscaling methods, despite the lack of statistical significance.

It is crucial to maintain that a lack of statistical significance doesn't always mean that
no significant differences exist. Numerous factors could be to blame for this,
including the nature of the improvements generated by our upscaling method, which
may be consistent but subtle, high variability within groups, and our relatively small

sample size, which may limit the power of statistical tests.

Even though some measurements didn't show statistically significant improvements,
they still had a noticeable impact. This suggests that when choosing an image
upscaling technique for specific P-SHG imaging applications, it's important to
consider both statistical significance and practical benefits. Our research shows that
our ESRGAN-based method can effectively improve the quality of low-resolution
images without compromising their original structure or appearance. This makes it a

promising tool for various bioimaging applications.

Therefore, our upscaling techniques were thoroughly validated by combining the
ANOVA results with the no-reference and full-reference quality metrics. This
analysis shows that low-resolution images can be improved while maintaining their
quality using our ESRGAN-based method. The moderate effect sizes in some metrics
and the absence of statistically significant differences imply that the upscaling

procedure has no noticeable effect on the structural or perceived quality of the images.

This validation highlights the method's potential use in bioimaging and other fields
where image integrity is crucial and validates its effectiveness. The subtle variations

identified by the effect size analysis offer helpful direction for refining upscaling
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techniques for particular imaging scenarios, guaranteeing that the most important

elements of image quality are maintained in every application.

5.6  P-SHG analysis results

Before examining the P-SHG analysis, we used CurveAlign measurements to see if
this technique could be applied to low-quality images. CurveAlign is a popular tool
for measuring fibrillar collagen at the tumour boundary [209]. This feature is a
fibrillar collagen quantification platform based on curvelet transform. Curvelet
transform (CT) offers special capabilities for edge enhancement and image denoising.
Additionally, curvelets can track individual fibers and fiber branches, whether they
are straight or curvy, by directly providing an optimal sparse representation of the

collagen image [210].

CurveAlign analysis consists of a few steps; first, a two-dimensional fast discrete
curvelet transform is performed. Second, based on the scale of interest and the
threshold of the remaining coefficients, the center and spatial orientation of each
curvelet is found, and by grouping the adjacent curvelets, the local fiber orientations
are estimated [211]. Fig. 5.6 presents the results of the CurveAlign measurements

conducted on low-quality images of the two mammary gland samples.

Using CurveAlign software, we compared two sets of samples in Fig. 5.6: the original
high-quality images (la, 2a), their lower-quality versions (1b, 2b), and images
enhanced through ESRGAN-based upscaling (1c, 2¢). CurveAlign effectively detects
the orientation of collagen fibers in high-quality images (la, 2a), demonstrating the
efficiency of software with images of sufficient resolution and clarity. However, as
mentioned. However, obtaining the 18 high-quality images needed for P-SHG
analysis necessitated prolonged laser exposure, which could damage the samples and
affect experimental reproducibility. Furthermore, extended periods outside of the
chemical bath may cause the samples to dry, altering their morphology and
potentially extinguishing or reducing the SHG signal. As a result, it is preferable to

reduce laser exposure and speed up imaging times.
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Fig. 5.6 CurveAlign analysis of original high-quality (1a, 2a), low-quality (1b, 2b), and GAN-
upscaled (1c, 2¢) images.

Examining the lower-quality images (Fig. 5.6, 1(b), 2(b)) showed that CurveAlign
and our special P-SHG algorithm had serious limitations. Only a few larger collagen
fibers were detected by these tools and their performance in accurately identifying the
orientation of the fibers was compromised. This demonstrates the challenges that
image analysis software encounters when images are of suboptimal
quality. therefore, for low-quality images both the precision and comprehensiveness
of the P-SHG analysis suffer significantly by the loss of detail. Many of the common
P-SHG analysis tools are optimized for higher-resolution inputs and often failing to
detect finer structures or misinterpret noise as significant features when applied to

low-resolution images.

Remarkably, CurveAlign's performance on the ESRGAN-upscaled images
is comparable to the original high-quality images, demonstrating significant

improvements (Fig. 5.6, 1(c), 2(c)).
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The need for our upscaling method instead of doing P-SHG analysis directly on low-
resolution images is highlighted by this comparative analysis. Our analysis shows
that the upscaled images offer a better approximation of the original high-quality
images across multiple metrics. For example, the LBP similarity increased from 0.471
to 0.758, and the FSIM improved from 0.884 (low quality) to 0.910 (Ultrasharp_4X).
Upscaling achieves a balance between noise reduction and detail preservation, even

though it does not recover all fine details.

The importance of this upscaling technique is evident from the notable improvements
in fiber orientation discernibility shown in Fig. 5.6 (1¢, 2¢). These improvements are
essential for precise P-SHG analysis because they improve collagen structure
differentiation and make orientation measurements more accurate. Our method
provides a workable solution to the trade-off between imaging speed and analysis
accuracy in P-SHG studies by utilizing the speed of low-resolution imaging while
producing analysis results that closely resemble those from high-resolution images.
To sum up, this GAN-based upscaling technique significantly expands the range of
image qualities that CurveAlign software and other tools can be used with, making
lower-quality images much more useful for in-depth analysis. It overcomes the
disadvantages of lower-quality images and technical limitations of sample
preparation by offering an effective solution that combines shorter laser exposure
times with image upscaling. It may also pave the way for new opportunities for quick,

nondestructive P-SHG imaging in a range of biological applications.

A custom Python program was then used to synchronize the images taken at 18
polarization states, ranging from 0° to 170° degrees in 10-degree increments. The first
attempt to get the analysis software to function using low-quality images failed
because there was too much detail loss for an accurate analysis. Initially, we tried to
perform analyses using low-quality images, but this method ran into serious problems
because of the considerable loss of detail, which affected the precision of our
analyses. In order overcome this problem, the Ultrasharp 4X model was used to

upscale each image separately, improving the clarity and resolution necessary for
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precise P-SHG analysis. For processing upscaled P-SHG images, a
custom MATLAB script was required [146,212]. This script performs a Fourier
transform on intensity measurements taken from various angles using a spatial FFT
algorithm. A summary of the analysis's results for 2 different mammary glands are

shown in Fig. 5.1.

Fig. 5.7 P-SHG imaging of the orientation of collagen fibers in the mammary glands. The SHG
signals of two different tissues are shown in panels (a) and (b), with the colours corresponding to
the orientations of the collagen fibers in relation to the incident light's polarization angle. These
orientations are mapped by the colour wheel insets, which show the complex diverse arrangement
of the fibers within the samples. Each colour corresponds to a distinct angle of polarization.
Interestingly, both pictures showed dark spots inside the fibers, which were identified as spots
where the SHG signal's intensity didn't change. This suggested that the collagen fibers were
uniformly oriented across the polarization states that were imaged. Because of this homogeneity,
the spatial fast Fourier transform algorithm is unable to identify differences, so no colour
assignment occurs in these areas.

18 SHG images (32-bit TIFF) taken in 10-degree increments from 0° to 170° are
included in our P-SHG analysis protocol, which is shown in Fig. 6. A visually

intuitive representation of the fiber orientation throughout the sample is provided by
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the distinct colours assigned to each angle (0-360 degrees). A fibrillar histogram,
which provides a quantitative analysis of the fiber orientations, is also included with
the images. The analyzed images show some areas that are darker than the originals.
Because of the consistent fiber orientation across polarization states, dark areas
develop within the fiber network. This is caused by the upscaling algorithm's
smoothing effect, which makes it more difficult for the FFT to identify internal fiber

variations.

The resulting map of fiber orientations is further processed to plot a histogram of the
orientations within the field of view. Since tissue relaxation is minimal during P-SHG
image acquisition [146], we can safely quantify parameters from this histogram,
specifically, determine the entropy r of this orientation distribution. Using angular
bins of 1~ or 100, r is defined as the typical statistical entropy. It is normalized to be

independent of the number of bins nb(6) [146]:

90°
-1
6=-90°

where P(6), which is taken straight from the orientation histogram, is the normalized
number of pixels in the image that have the orientation 8. The degree of orientation
disorder in the field of view is then evaluated by the entropy r, which decreases
toward 0 for thinner orientation distributions and equals 1 for a fully isotropic
orientation distribution. As an alternative, the entropy is calculated from orientation
maps that are produced by processing the SHG images using the morphological
filtering method [43]. Briefly, to reduce the effect of polarization versus fiber
orientation on the SHG intensity, all of the SHG images acquired for various linear
polarization of the incident beam are added together. The local orientation of the
fibres in each pixel is then extracted by a rotating linear structuring element using

morphological filtering, as shown by the various colours in Fig. 5.7.

However, in Fig. 5.7, It is important to note that FFT is still able to recognize fiber

borders and their periphery. Importantly, the fiber borders were aligned with the
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interior, providing a coherent overall fiber direction. This consistency between the
interior and border orientations guarantees that the technique still effectively
expresses the general directionality of the fibers even in the face of its limitations in
identifying internal variations. To overcome the limitations of these smoother,
homogeneous sections, a targeted focus on specific internal areas of the fiber is

necessary for analyses where these areas are of interest (see Fig. 5.8).

Additionally, in order to improve the clarity and focus of the collagen fiber analysis,
background elements and unnecessary muscle structures surrounding the fibers were
carefully removed, resulting in dark areas surrounding the sample. The spectrum of
colours found in the tissue in Fig. 5.7(a) indicates a network of collagen fibers with
different alignments; each colour represents a different fiber orientation with respect
to the incident light's polarization angle. These orientations can be interpreted using
the colour wheel inset as a guide. With pink tones signifying fibers oriented in one
direction and other colours denoting different angles, the vibrant colours imply a

diverse and complex arrangement of fibers.

Collagen fiber alignment is shown by a collage of colours in Fig. 5.7(b). The fibers
appear to have different orientations than those in the first image, as indicated by the
bright green and yellow hues. This sample might have a denser or more aligned
collagen network than the first one, based on the colour intensity and distribution.
The results, including the color wheel, orientation map, anisotropy parameter map,

and histogram data, were meticulously compiled for each sample.

We concentrate on analyzing regions of interest (ROI) that were taken from various
samples and their counterparts, which were improved by upscaling, in Fig. 5.8. This
analysis is crucial for determining how faithfully upscaling methods maintain the
optical and structural characteristics necessary for precise P-SHG analysis. A 20X
objective was used to take pictures of the chosen P-SHG ROIs for our analysis. In
order to resolve the complex patterns of collagen fiber orientation while maintaining

sufficient field coverage, 20X is ideal. Interestingly, the images designated for
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upscaling were first captured with a 10X objective, then digitally cropped, and

zoomed 1in.

= P-SHG = Upscaled P-SHG
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Fig. 5.8 Comparative Analysis of P-SHG in three region of interests (ROI)s. Each row displays
original high-quality images (20X objective), low-quality images that were first taken with a 10X
objective and then digitally zoomed and cropped, and their GAN-upscaled counterparts. Each row
represents a unique ROI from various samples. Upscaling restores smoothness and detail despite
the initial lower resolution, producing a fiber orientation analysis that is on the same level with
the original high-quality images. The accuracy of collagen fiber orientation details in the upscaled
images is confirmed by the normalized intensity vs. laser input angle graphs for each set, which
show the consistency of P-SHG responses across all imaging modalities.

In order to replicate a real-world situation where upscaling could be especially
helpful, this method was purposefully used for low-quality images to simulate
situations in which high-resolution data were not easily accessible or practical to
obtain. One important finding when comparing the original and upscaled (but zoomed
and cropped) P-SHG images was how smooth the upscaled images were. This

smoothness did not detract from the structural details within the images, but rather
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enhanced the visual clarity, making the interpretation of collagen fiber orientations

more straightforward.

More significantly, we found that the P-SHG response was remarkably consistent
when we plotted the normalized intensity against the laser input angle for both the
original and upscaled images. Because the upscaling process tends to reduce noise
and interpolate between data points to create a more continuous representation of the
intensity response, the graph corresponding to the upscaled P-SHG images showed a

smoother curve.

Furthermore, the general form and trend of the P-SHG intensity responses did not
change, even though the graphs in the upscaled images appeared smoother. This
coherence suggests that the upscaling procedure did not change the basic biophysical
characteristics recorded by P-SHG imaging, even though it improved the images'
visual quality. The usefulness of upscaling as a practical technique for enhancing
image quality in P-SHG analysis without sacrificing the accuracy of collagen fiber
orientation information was thus highlighted by the validation of the fidelity of fiber

orientation details in the upscaled images.

93



Chapter 6: Conclusion
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P-SHG imaging with deep learning-based upscaling offers distinct advantages in
specific applications that demand label-free, structurally detailed visualization of
collagen architecture. For instance, while differential interference contrast (DIC)
microscopy provides valuable phase contrast for general morphology, it lacks the
molecular specificity needed to distinguish collagen structures effectively [214].
Similarly, picrosirius red staining enhances collagen birefringence under polarized
light, offering a complementary approach for certain analyses, though it requires
fixation and staining, which may alter tissue properties and restrict its use in
longitudinal studies. In contrast, P-SHG, with its sensitivity to non-centrosymmetric
molecular arrangements, combined with ESRGAN, enables rapid acquisition while
preserving structural fidelity. This approach is particularly advantageous for
applications requiring quantitative analysis of fiber orientation and anisotropy in
intact, unstained tissue. While each imaging modality has strengths suited to specific
contexts, the proposed P-SHG with ESRGAN framework enhances high-resolution,
label-free imaging capabilities, especially where sample preservation, speed, and

depth-resolved contrast are priorities.

The inherent trade-offs between spatial resolution, acquisition speed, and the risk of
sample damage due to prolonged laser exposure have long constrained the practical
deployment of high-resolution biological imaging techniques. While P-SHG imaging
is highly effective for visualizing non-centrosymmetric structures such as collagen
fibers, achieving high-resolution images over large tissue areas remains time-
intensive and technically demanding. In this thesis, we first acquired high-resolution
SHG images of whole mammary gland samples to establish a structural reference. To
overcome the limitations of P-SHG in large-scale imaging, we then captured low-
resolution P-SHG images of the entire sample and applied a novel deep learning-
based upscaling strategy. Specifically, we integrated a state-of-the-art ESRGAN
(Enhanced Super-Resolution Generative Adversarial Network) model to iteratively
upscale the images by a factor of 16x, significantly enhancing both structural detail

and perceptual quality while preserving key biological features such as fiber
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orientation and anisotropy. This approach enabled a dramatic reduction in acquisition
time—from approximately 4.5 hours to just 13.5 minutes—representing more than a

95% improvement, without compromising the integrity of the biological information.

Comprehensive evaluation using both no-reference and full-reference image quality
metrics confirmed the method’s reliability in preserving key structural features
essential for accurate P-SHG analysis. Metrics such as MS-SSIM, PSNR, and
NRMSE consistently demonstrated high similarity between the upscaled images and
their original high-resolution counterparts, validating the fidelity of the
reconstructions. By incorporating this method into the imaging workflow, the
traditional trade-off between acquisition speed and spatial resolution is effectively
mitigated, enabling rapid acquisition of low-resolution images that can be upscaled
to high-quality outputs suitable for detailed biological analysis. The high-resolution
SHG images (1800 x 800 pixels) provided detailed visual information, while the low-
resolution images (225 x 100 pixels) were enhanced to a resolution of 3600 x 1600
pixels using Ultrasharp 4X, maintaining structural features as validated by
CurveAlign analysis (Fig. 5.6). This enhancement is very useful in situations with
limited imaging conditions because it minimizes laser exposure times, prevents
sample damage, and preserves the chemical and morphological integrity of tissues.
The ability to generate high-resolution, high-fidelity images from low-resolution data
paves the way for broader applications, including high-throughput imaging, clinical

diagnostics, and tissue engineering.

While conventional image quality metrics are sufficient for validating the structural
fidelity of upscaled images, they may not fully capture the nuanced features most
relevant to biological interpretation. Subtle morphological patterns—such as fiber
continuity, alignment, or textural irregularities—are often critical for histological
assessment but may be overlooked by general-purpose metrics like MS-SSIM or
PSNR. To ensure that Al-enhanced images meet the interpretive standards of clinical
and research experts, future efforts should prioritize the development of domain-

specific evaluation tools tailored to P-SHG applications. Such metrics would help
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bridge the gap between computational validation and expert perception, enabling
more confident integration of Al-upscaled images into diagnostic and analytical

workflows.

One particularly promising avenue for future development is the integration of this
Al-based upscaling approach into multimodal nonlinear imaging pipelines. For
instance, combining Al-based P-SHG with techniques like coherent anti-Stokes
Raman scattering (CARS) could enable simultaneous visualization of collagen and
lipid structures within biological tissues. While P-SHG excels in mapping non-
centrosymmetric proteins such as collagen, CARS provides chemically selective
imaging of lipids without the need for labeling. The application of ESRGAN-based
upscaling to both modalities could enhance spatial resolution and acquisition speed,
facilitating high-content, multi-dimensional tissue characterization. Such multimodal
strategies hold strong potential for advancing diagnostic accuracy and supporting
personalized medicine by revealing interactions between extracellular matrix

remodeling and lipid metabolism, particularly in complex pathologies like cancer.

Beyond the technical validation, the potential biological and clinical applications of
accelerated P-SHG imaging are substantial. The approach could enable rapid
screening of large-scale tissue specimens in pathology, reduce time burdens on
clinical imaging workflows, and make advanced diagnostics more widely available
in resource-constrained environments. By decreasing imaging time and optical
component requirements, our method addresses both throughput and cost barriers,

helping to democratize access to advanced nonlinear optical microscopy.

Despite these promising outcomes, several challenges remain. Finer internal
variations within fibers may be obscured by the smoothing and interpolation that the
upscaling process sometimes introduces, especially in uniform regions. Future
developments in deep learning models could address these issues by concentrating on
maintaining internal structural fidelity without compromising noise reduction, even
though the approach is excellent at maintaining overall orientation and boundary

details. Future work should explore the limitations of applying pre-trained networks
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to more diverse tissue types, such as muscle and tendon samples. While our results
indicate strong performance in mammary gland tissues, domain-specific artifacts or
failures may arise in unfamiliar biological contexts. Additional studies are needed to

test the robustness and reliability of this method in such scenarios.

Furthermore, the qualitative usefulness of upscaled images for expert interpretation—
such as visual assessment by pathologists or biologists—requires further validation.
Controlled studies comparing diagnostic outcomes using original high-resolution
images and upscaled counterparts could help determine whether Al-enhanced images
can substitute or augment traditional imaging workflows in real clinical or research

settings.

In conclusion, this thesis presents a validated framework that combines nonlinear
optical imaging with deep learning to achieve high-resolution, rapid, and cost-
effective imaging of biological tissues. The use of ESRGAN-based upscaling
significantly reduces acquisition time without compromising critical image features,
and the methodology has been carefully evaluated using structural similarity metrics
and lower-cost optical components. With further development and validation, this
approach has the potential to expand the practical reach of P-SHG imaging, support
automation in histopathology, and contribute to high-throughput, label-free
diagnostics and tissue research. By integrating Al with optical microscopy, this work
represents a meaningful advancement toward faster, more accessible, and scalable

biomedical imaging.
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