
m Typical applications of machine learning techniques in astronomy from object detection and classification to finding anomalies. 
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Machine learning is everywhere in our daily life. From the social media and bank 
sector to transportation and telecommunication, we cannot avoid using it, sometimes 
even without noticing that we are relying on it. Astronomy and astrophysics are no 
exception. From telescope time and survey telescope scheduling through object 
detection and classification, to cleaning images and making large simulations smarter 
and quicker to it is ubiquitous to use machine learning algorithms. To illustrate 
this silent revolution, we checked the NASA Astronomical Data System website1 
and searched for the keyword ‘machine learning’ in abstracts of astronomical and 
astrophysical papers. In 2000 we found 56, in 2010 889, and by 2020 no less than 
35,659 abstracts contained the magic two words. 

1 https://ui.adsabs.harvard.edu/

EPN 53/2

FEATURES

22

https://doi.org/10.1051/epn/2021502


question is of course how to find the needle in the hay-
stack, i.e., how to find and follow-up(!) the rarest and/
or most interesting (maybe Nobel-prize winning) ob-
jects among the million(s) of transients detected by 
LSST on a given night when the 8-meter large field-of-
view Simonyi telescope starts surveying the Chilean 
sky in 2023.

Classification – let’s teach the 
computer to ‘see’ like a human
Classification is the guinea pig of machine learning ap-
plications in astronomy. Large sky surveys conveyed 
millions or billions of images, spectra, positions, and 
proper motions of stars and galaxies and other celes-
tial bodies. To make sense of these data one needs help 
from the ‘silicon brains.’ A subfield of astrophysics – but 
nonetheless a very important topic – is studying varia-
ble stars. These stars allow an unprecedented view into 
stellar interiors, help to establish the cosmic distance 
scale, and can be used as tracers of Galactic formation 
and evolution. Astronomers traditionally have classified 
objects that vary their brightness based on their light 
curves, that is graphical representation of light variation 
as a function of time. If additional information (e.g., a 
spectrum) is available, then certain degeneracies can be 
broken. Classification can be performed based on sev-
eral mathematical parameters of light curve data (range, 
scatter, number of zero crossings, skewness, etc.), but 
what if we want to mimic the human brain and feed im-
ages of light curves into the computer? Well, our group 
did exactly that [5]. 

N
o wonder, since existing and upcoming as-
tronomical databases are truly ‘astronom-
ical’: Vera C. Rubin Observatory’s Legacy 
Survey of Space and Time2 will deliver 150 

Petabytes of photometric data and images in the optical 
and near-infrared wavelength range, while the upcom-
ing Square Kilometer Array3 will produce 5 Zettabytes 
of data in the radio domain by 2030, just to mention two 
soon-to-be-online large surveys. To keep up with, exploit, 
and understand this tsunami of data, applying machine 
learning is a must. In this paper we highlight a few inter-
esting cases in astronomy admitting that because of the 
breadth of this topic only a subjective selection is possible. 

Anomaly detection, let’s find  
the ‘unknown unknowns’ 
The discovery of new astrophysical phenomena has long 
been the major goal of astronomical research. In astron-
omy a new physical phenomenon can manifest itself in 
many forms, from strange-looking shapes in images 
to exotic behaviours in time-series observations. With 
the advent of large-scale sky surveys such as Gaia, Pan-
STARRS, ZTF, LSST, not only the well-known stars are 
being regularly observed, but everything that is bright 
enough to be detected with few-meter-class telescopes. 
Thanks to these observations, it has become possible 
to discover such intriguing bodies as 'Oumuamua, the 
first known interstellar object that passed through the 
Solar System, or the Boyajian star, the ‘most mysteri-
ous star in the Universe’, whose brightness variation is 
so unusual that at one point even alien megastructures 
were invoked to explain the observations. However, due 
to the exponentially growing amount of data, the tra-
ditional, human supervised way of data processing is 
less and less feasible, indicating the necessity of devel-
opment of automatic novelty detection methods. The 
increasing pressure to enter the era of big data has led 
the astronomical community to utilise machine learning 
techniques to look for out-of-distribution anomalous 
astronomical objects.

A few recent examples for novelty or anomaly de-
tection in astrophysics: [1] processed the raw data of 
the Open Supernova Catalog and identified non-super-
nova events and representatives of the rare supernova 
classes. [2] proposed and demonstrated a new anom-
aly detection technique to discover anomalous X-ray 
sources via high-resolution spectroscopy. [3] proposed 
a method to find a second Earth, i.e., to detect poten-
tially habitable exoplanets as anomalies. Finally, [4] used 
the light curve of periodic variable stars and identified 
stars with irregular variability. The one-million-dollar 

2 https://www.lsst.org/
3 https://www.skatelescope.org/

“Our research team has developed high-precision 
algorithms to classify the light curves of periodic 
variable stars into a few main classes. ”
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b FIG. 1: Schematics 
of the image-based 
classification of 
periodic variable 
stars [5].



2 https://exoplanets.nasa.gov/
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faster than that of the human classifiers. Our neural net-
work is a ‘Multiple-Input Neural Network’, which is made 
up of a Convolutional Neural Network and Multilayer 
Perceptrons and it can handle both image and numerical 
data. Recently we extended this method to incorporate 
sub-classes of variable stars, as well, with similar perfor-
mance. Now we can not only tell cats and dogs apart but 
can classify millions of variable stars in a few minutes. 
And we don’t need an army of graduate students to do 
the boring job. Although the job had had to be done 
manually at least once – our method needs labeled data, 
and labeled data are almost never available in astronomy 
for obvious reasons. 

Object detection – how to separate 
the wheat from the chaff?
Like many other disciplines, astronomy relies heavily 
on the possibilities offered by imaging tools. The large 
sky survey programs produce vast amounts of data 
– many terabytes per night – which cannot be pro-
cessed manually on human time scales. With the use 
of machine learning tools, we are able to identify and 
categorise the distant galaxies of the Universe, stellar 
streams (remnants of dwarf galaxies) in the halo of 
our Galaxy or even the comets and asteroids of our 
own Solar System. Another application is the detec-
tion of young stellar objects (YSO) in astronomical 
recordings. These types of celestial bodies are stars 
in an early evolution stage, for example protostars or 
pre-main-sequence stars. Although these objects ap-
pear as “normal” stars in a CCD image, if we take 
low-resolution spectra, the YSOs’ spectra will show 
strong emission in the Hα line. Based on this idea we 
created a Convolutional Neural Network. After proper 
training, the neural network can distinguish ordinary 
stars from YSOs with high precision.

How to turbo-boost your simulations 
with machine learning?
Large cosmological simulations are extremely resource 
intensive, since they take into account the action of grav-
ity of billions of particles that trace the cosmic mat-
ter distribution including dark matter. This can easily 
be a bottleneck despite the ever-increasing computa-
tional capacity of the largest supercomputers. Well, 
who said that it is easy to simulate the whole universe? 
However, generative adversial networks (GANs) may 
come to the rescue [6]. This machine learning tool can 
generate cosmic web simulations that are quantitatively 
and qualitatively practically indistinguishable from real 
simulations, especially on large scales. The difference in 
computational time is huge: a fraction of a second for 

Our research team has developed high-precision al-
gorithms to classify the light curves of periodic variable 
stars into a few main classes. If humans (professional 
astronomers) see a light curve of adequate quality, they 
can assign a variable type to the light curve. If the pe-
riod is also known, then the classification can be close to 
perfect. However, human beings can classify only a few 
dozens of light curves (at maximum) every minute, and 
they cannot sustain this rate for long. Our supervised 
image-based machine learning method supplemented 
with numerical parameters (e.g., period, luminosity, etc.) 
can reach or exceed the accuracy of human classification. 
Not to mention its speed that can be orders of magnitude 

c FIG. 2:  
Upper panel: 

Identification of 
young stellar objects 
with a Convolutional 

Neural Network 
via detection of Hα 

emission lines (small 
point-like blobs) 

in low-resolution 
spectra. Lower panel:  

identification of 
stellar flares with 
a Recurrent Deep 
Neural Network.
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the GANs corresponds to many hours using traditional 
full-scale simulations. 

Cosmology is not the only subfield where complex sim-
ulations are required. Much less demanding computations 
– at least in terms of mass particles involved –, but still 
very long integration times arise in celestial mechanics, 
for example when one has to decide whether a planetary 
system is stable or not on a timescale of billions of years. 
The discovery of close to 5000 exoplanets4 during the last 
28 years makes this problem even more acute. Direct in-
tegration of the motion of multiplanetary systems in large 
numbers is still prohibitive. However, machine learning 
can speed up the process by 5(!) orders of magnitude [7] 
by learning relevant, physically motivated features (chaos 
indicators, strengths of mean motion resonances, variance 
in eccentricity difference, etc.) from the beginning of the 
simulation period. That way the method can make accurate 
predictions about the stability properties of the system. n
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Predictive Maintenance  
for Thyracont Smartline™  
Transducers

Thyracont Vacuum Instruments is the first manufacturer 
of vacuum measurement technology offering transducers 
which comply with OPC UA, an open data transfer stand-
ard for industrial communication. OPC UA allows a safe 
data transmission from machine to machine or machine 
to PC, independent of manufacturer, programming lan-
guage or operating system.

From now on all vacuum transducers of the product 
family SmartlineTM with RS485 interface provide further 
parameters to support predictive maintenance, the pro-
active servicing of machines and appliances. Users can 
check the degree of sensor wear or corrosion, the time 
of the last adjustment and the operation hours. Thus, the 
service intervals can better be planned, if necessary ap-
propriate spare parts ordered in time and systems run 
time optimized. All parameters are also available in the 
VacuGraph™-Windows®-Software from Thyracont.

As a next step, maintenance parameters can also be que-
ried via the Profinet interface and consequently enable 
direct integration into an existing Profinet network with 
PLC, which can also take over the entire monitoring of 
the process. 

For more information, contact:

Thyracont Vacuum Instrument
https://thyracont-vacuum.com/en
+49 851 95986-0
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