الجمهورية الجزائرية الديمقراطية الشعبية

وزارة التعليم العالي والبحث العلمي
	[image: image1.jpg]Ferhat ABBAS

iversity





	
	[image: image2.jpg]================





	Setif 1 University Ferhat Abbas 
Faculty of Sciences
Department of Physics
	
	جامعـــة سطيف 1 فرحـــــــات عباس

كـليــــة العـلـــــــــــــوم
قســـــــــــم الفيزياء.


MASTER THESIS
Field: Matter Science
Branch: Physics
Specialty: Radiation Physics
Title

  Machine learning prediction of Gold    Production in supernova

	Presented by
Bellal Ilhem
	
	Directed by
Dr. Boukhenfouf Ouassila


Examination jury :
	President
	Dr. BELILITA FAIROUZ
	Setif 1 University Ferhat Abbas

	Supervisor
	Dr. BOUKHENFOUF OUASSILA
	Setif 1 University Ferhat Abbas

	Examiner
	Pr. AMRANI NAIMA
	Setif 1 University Ferhat Abbas




2024 / 2025
Table of Contents

List of Figures
i
List of Tables
iii
1Introduction


Chapter I
3
31.
Artificial Intelligence (AI)


32.
Machine Learning (ML)


33.
Deep Learning (DL)


4a.
Convolutional Neural Network (CNN):


71.
Healthcare


72.
Robotics


83.
Physics


8a.
Particle Physics


8b.
Statistical Physics


8c.
Nuclear Physics


9d.
Quantum Mechanics


94.
Material Science


95.
Astronomy


9
Galaxy Classification and Exoplanet Discovery


10
Analysis of Telescope Data


10
Spectral Analysis for Detecting Chemical Elements



4Chapter II


11I.
Supernovae: Definition and Classification


111.
Type I Supernovae.


112.
Type II Supernovae


11II.
Element Formation During Supernova Explosions


111.
Before the explosion


112.
During the explosion.


12III.
Evolutionary Stages and Emission of Spectral Radiation


121.
Main Sequence.


122.
Red Giant


123.
Helium Burning


124.
AGB (Asymptotic Giant Branch)


125.
Core Collapse


126.
Supernova Explosion


12IV.
The r-Process: Rapid Neutron Capture


14V.
Connection Between r-Process and Supernovae or Neutron Star Mergers


141.
Neutron Star Mergers (NSMs)


142.
Supernovae Contributions


143.
Metallicity and r-process Enrichment


15VI.
Theoretical Foundations of Astrophysical Spectra


151.
Understanding Astrophysical Spectra


162.
Importance of Optical Spectra for Heavy Element Identification


173.
Spectral Lines and Element Detection


17a.
Emission and Absorption Line Formation


b.
Observation Characteristics:
17
174.
Comparative Analysis of Spectral Ranges


17a.
Preference for Optical and Infrared Spectra Over Gamma Rays


18b.
Bottom Line


18c.
Examples of Spectral Lines for Gold and Uranium:


19VII.
Detection Methods and Spectroscopic Techniques


191.
Principles of Spectroscopic Detection


212.
Major Telescopes and The Main Contributions Key Telescopes 


21a.
Their Main Contributions


21b.
Scientific Applications


22VIII.
Detectors in Astrophysical Observations


221.
Function and Importance of Detectors


222.
Types of Modern Astronomical Detectors


22a.
Optical and Near-Infrared


22a.
Infrared Detection


22c.
High-Energy Astronomy:


23d.
Radio and Submillimeter:


23e.
Specialized Spectroscopic Tools:


233.
Charge-Coupled Devices (CCDs)


23a.
CCD Operating Principles


24b.
CCD Applications in Optical Spectroscopy


244.
Main Infrared Detector Types and Applications (Lena et al., 2012)


255.
Some Applications in TelescopesJames Webb Space Telescope (JWST)


26IX.
Summary


Chapter III 
31
27I.
Introduction


27II.
Collection of Experimental Data


271.
Dataset from Kaggle (AIAI-Supernova)


282.
The Newly Constructed Supernova Spectra Database


28a.
Data Collection and Processing


28b.
Heterogeneity of Raw Files


29c.
Cleaning and Unification Process


29d.
Python Code Used


31e.
Outcome


35III.
Convolutional Neural Network (CNN) Model


351.
Why CNN is Chosen for the Prediction of Spectra?


352.
Architecture of the First Code


363.
Architecture of the Second Code


384.
Architecture of the Third Code (First Attempt)


42IV.
Computational Environment and Programming Language


421.
Integration of Python with Advanced Analytical Tools


422.
Dynamic Resource Management in Google Colab


423.
Support for Scientific Collaboration


424.
Customizability Capabilities in Python


425.
Automated Documentation and Tracking


426.
Efficiency Enhancement through Cloud Integration


427.
Adaptability to Large Datasets.


438.
Security and Backup Assurance


43V.
Explaining Python Code with its Principal Functions and Parameters


44VI.
Python’s ML Script Predicting Spectrum using CNN Model


47VII.
Results of the First Code


48VIII.
Predicting Gold with Kaggle Database


48IX.
Results of the Third Script


50X.
Results of the Second Script


53XI.
Prediction and Evaluation Phase


54XII.
Results Discussion, Explanation, and Future Works


541.
General Comparison of All Scripts


542.
Explanation of Results


56XIII.
Conclusion


Conclusion
57
Bibliographic References
58
56Annexes...


Glossary..
X








ABSTRACT

This topic dives into the cutting-edge application of artificial intelligence (AI), specifically Convolutional Neural Networks (CNNs), to analyze astrophysical spectra and detect heavy elements like gold in supernova remnants—super exciting stuff! It involves developing and training a CNN model using a synthetic dataset sourced from Kaggle, derived from the study "Artificial Intelligence Assisted Inversion of Synthetic Type Ia Supernova Spectra," and a newly constructed database compiled from open-source astronomical observations.

This thesis kicks off with a brief intro to AI, machine learning (ML), and deep learning (DL), and highlights how ML can tackle supernova spectral analysis. It also walks through using Python, with libraries like TensorFlow/Keras, and Google Colab’s cloud-based, hardware-accelerated environment to build and train the CNN model.

The trained CNN model predicts the presence of r-process–dominated elements, with training based on the Kaggle dataset and the newly created database. The results are promising, achieving an accuracy of 83.33% and a recall of 100% for r-process events, though performance varies due to data quality and hardware limitations.

This work aims to enhance the CNN’s ability to identify heavy elements in supernova spectra, offering insights into nucleosynthesis while addressing challenges like data preprocessing and model optimization—setting the stage for future astrophysical discoveries.

RÉSUMÉ

Ce sujet explore l’application moderne de l’intelligence artificielle (IA), en particulier les réseaux de neurones convolutifs (CNN), pour analyser les spectres astrophysiques et détecter des éléments lourds comme l’or dans les vestiges de supernovae—vraiment passionnant! Il s’agit de développer et d’entraîner un modèle CNN en utilisant un ensemble de données synthétiques provenant de Kaggle, dérivé de l’étude "Artificial Intelligence Assisted Inversion of Synthetic Type Ia Supernova Spectra," ainsi qu’une nouvelle base de données construite à partir d’observations astronomiques open-source.         Cette thèse commence par une brève introduction à l’IA, l’apprentissage automatique (ML) et l’apprentissage profond (DL), et montre comment le ML peut aborder l’analyse des spectres de supernovae. Elle explique également l’utilisation de Python, avec des bibliothèques comme TensorFlow/Keras, et l’environnement cloud accéléré par le matériel de Google Colab pour construire et entraîner le modèle CNN.                                                                                                                                Le modèle CNN entraîné prédit la présence d’éléments dominés par le processus r, avec un entraînement basé sur les données Kaggle et la nouvelle base de données créée. Les résultats sont prometteurs, avec une précision de 83,33 % et un rappel de 100 % pour les événements r-process, bien que les performances varient en raison de la qualité des données et des limites matérielles.Ce travail vise à améliorer la capacité du CNN à identifier les éléments lourds dans les spectres de supernovae, offrant des perspectives sur la nucléosynthèse tout en traitant des défis comme le prétraitement des données et l’optimisation du modèle—ouvrant la voie à de futures découvertes astrophysiques.

                                                                                                                                                               الملخص
هذا الموضوع يغوص في تطبيق الذكاء الاصطناعي (AI) الحديث، وبالأخص الشبكات العصبية الالتفافية  (CNNs) ، لتحليل الأطياف الفلكية واكتشاف العناصر الثقيلة مثل الذهب في بقايا المستعرات العظمى—موضوع مثير للغاية! يتضمن تطوير وتدريب نموذج CNN باستخدام مجموعة بيانات تركيبية تم الحصول عليها من Kaggle، مستمدة من الدراسة "Artificial Intelligence Assisted Inversion of Synthetic Type Ia Supernova Spectra"، وقاعدة بيانات جديدة أنشأتها من مصادر فلكية مفتوحة.

تبدأ هذه الأطروحة بمقدمة موجزة عن الذكاء الاصطناعي والتعلم الآلي (ML) والتعلم العميق (DL)، مع التركيز على كيفية استخدام التعلم الآلي في تحليل أطياف المستعرات. وتوضح أيضًا استخدام بايثون مع مكتبات مثل TensorFlow/Keras، والاستفادة من بيئة Google Colab السحابية المدعومة بقوة الأجهزة لتطوير وتدريب النموذج.

النموذج المدرب يتنبأ بوجود عناصر مهيمنة على عملية r-process، حيث تم التدريب على بيانات Kaggle وقاعدة البيانات الجديدة التي أنشأتها. النتائج واعدة، حيث حقق دقة 83.33% وذكر 100% للأحداث المهيمنة على r-process، على الرغم من اختلاف الأداء بسبب جودة البيانات وقيود الأجهزة.

يهدف هذا العمل إلى تحسين قدرة CNN على تحديد العناصر الثقيلة في أطياف المستعرات، مقدمًا رؤى حول التخليق النووي مع معالجة تحديات مثل معالجة البيانات وتحسين النموذج—ممهدًا الطريق لاكتشافات فلكية مستقبلية[image: image3.png]



