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Lecture Overview

• The Big Picture [ML = Machine Learning]
• Brief History

• Machine Learning as a Fourth Paradigm

• Context: Need for ML in Astronomy?

• Some examples of ML in Astronomy
• Star Galaxy classification

• Exoplanetary Atmospheres Classification

• Cosmological Structure Estimation 

• Learning Equations & Launching Black Hole Jets



A Brief History of Machine Learning (in 
Astronomy)

Referred Publications 
containing the word ‘ML’



Astronomical Surveys: Googling the Sky!
• Sloan Digital Sky Survey : SDSS

• 2.5 m telescope

• Catalogue of > 109deep sky objects 

• Generated PB of data!

SDSS Telescope. Image Credit: Patrick Gaulme

• Gaia : 
• Precision Astrometry of > 109objects 

• Generated PB(?) of data!

Artistic Impression of Gaia. Image 
Credit: ESA / ESO



Knowledge Paradigms

• 1st Paradigm: Measurement / Experiment

• 2nd paradigm: Theory / Analytical Work

• 3rd Paradigm : Numerical Simulations



A New Knowledge Paradigm

• 1st Paradigm: Measurement / Experiment

• 2nd paradigm: Theory / Analytical Work

• 3rd Paradigm : Numerical Simulations

• 4th Paradigm : Data Driven Science!



ML in Astronomy : Why?
• Data Deluge in Astronomy

• Information volume and rate is growing exponentially : Data streams instead of data sets!
• Existing surveys ~ 100 PB
• Most data will never be seen by humans

• Large Synoptic Sky Survey (LSST) ~ 30 TB/night
• Square Kilometer Array [SKA] (+2022) – 1 EB / sec (raw data)

• Data Information Content is Increasing – Data Driven Science!
• Multiwavelength information about each object (radio, optical, UV, X-ray….)
• Gravitational Waves
• Neutrinos

• Data Complexity is Increasing – patterns that cannot be comprehended by 
humans directly 

• Human genome ~ 1 GB
• 1 TB ~ 2 millions books
• Human Bandwidth~ 1 TB / year

http://research.iac.es/winterschool/2018/pages/book-ws2018.php

Artist’s impression of SKA:

Artist’s impression of LSST: 
Credit: lsst.org

http://research.iac.es/winterschool/2018/pages/book-ws2018.php


Star Galaxy Classification
• Latest surveys (LSST, DES etc) collect photometric data for ~109of 

astronomical objects (future surveys??)

• Sheer volume makes Manual classification impossible

• Use ML to create accurate catalogues
• Future use

• Follow up observations (Transients)



Star Galaxy Classification

• Data: 
• Sloan Digital Sky Survey (SDSS): >300 millions objects

• Randomly select 65000 Sources = 47656 galaxies + 17344 stars

• Canada France Hawaii Telescope Lensing Survey  
(CFHTLenS) > 25 million objects
• Selection of Galaxies = 57843, Stars = 8545

• Image size after extraction: 48 x 48 pixels

SDSS Telescope
Image Credit: Patrick Gaulme

CFHT Telescope
Image Credit: cfht.Hawaii.edu



Star Galaxy Classification

• Deep Convolutional Neural Network
• Also used in computer vision community

Image Credit: https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-
3bd2b1164a53



Star Galaxy Classification

• ConvNet

• 11 layers

• Image in 5 bands (ugriz)

• First layer has 32 filters of  
size 5 x 5 x 5

• Max Pooling : 2 x 2

• Fully connected layers in the
end



Star Galaxy Classification
• Learnable parameters : 11 million

• Training Set: < million … we have a problem

• Dealing with Overfitting
• Data Augmentation : Transform each image via label preserving transformation

• Rotation, Reflection, Translation, Gaussian Noise

• Dropout : Randomly setting the output of each hidden neuron in previous layer to 
zero [helps learn more robustly]

• Bayesian Model Combination : Generate ensemble combinations of models





Star Galaxy Classification
• Metrics and Model Comparison

• Several metrics used

• Compare with Decision Trees and 
Random Forest: TPC algorithm

• TPCphot – fewer attributes

• TPCmorph – more attributes, including 
handcrafted feature



Star Galaxy Classification

• For CFHTLenS dataset:

• For SDSS dataset:



Other Classification Algorithms

• Stellar Classification

• Star / Galaxy / Quasar

• Variable Stars

• Galaxy Morphology Prediction



Exoplanets

• Did you hear News about Venus these past weeks??



Exoplanets

• News about Venus??

• Detection of Phosphene gas – a 
possible biomarker

• Identifying gases in exoplanet 
atmospheres!



Classifying Exoplanet Emission Spectra



Classifying Exoplanet Emission Spectra

• Deep Belief Neural Network
• Mimics human recognition of spectra

• Hidden layers form an abstract
representation of underlying features

Emission 
Spectrum

Increasing
Abstraction

Output Labels 
(Methane, 
Water etc)

• Training
• Supply a input spectrum with a label

• 5 planets
• 17150 spectra / planet
• No mixtures considered

• Mini Batch Stochastic Gradient Descent
• Use Dropout algorithms



Classifying Exoplanet Emission Spectra

Figure 3 from Dreaming of Atmospheres

I. P. Waldmann 2016 ApJ 820 107 doi:10.3847/0004-637X/820/2/107



Dreaming of Atmospheres

Figure 5. Spectral reconstruction (or "dreaming") of three molecules H2O, CO2, and TiO. The top three panels show neuron activations 
for the bottom (L1) to top (L3) hidden layers. The bottom two rows show normalized H2O, CO2, and TiO spectra reconstructed by the 
neural network and real data examples as comparison. The similarities between the "dreamed" and real spectral features are striking. 
This indicates a good representation of molecular features in the neural network.



ML and Simulations : Data Driven Simulations

• “Learning to Predict the Cosmological 
Structure Formation”
• Previous work!

• Compare with survey observations

• Run N body simulations (computationally very 
extensive)

• Use Deep Neural Network to predict large scale 
cosmological structure
• Trained using N body cosmological simulation data 

set

• Compare with semi analytical approx



ML and Semi Analytical Theory
• Launching jets from Black Holes

• GR (General Relativity)

• MHD (Magnetohydrodynamics)

• Extremely complex set of equations to solve to 
find jet solutions

• Multi-dimensional parameter space extremely 
time consuming to explore semi-analytically

• Use ML to predict solutions!
• ANN 

• SVM

Figure: Black hole launching jet

Figure: Magnetic Field lines for a solution


