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Radio galaxies

CDCS Symposium, Janis Kummer

• Radio astronomy reveals processes 
that cannot be seen with optical 
telescopes

• A new generation of radio telescopes 
such as LOFAR, MeerKAT and SKA in 
the near future will generate an 
incredible amount of data and will be 
much more sensitive 

• This may lead to a revolution in the 
field and necessitate a new level of 
automation for processing the data 
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Radio galaxies

• MeerKAT image of the galactic centre
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Heywood et al. (2022)



Radio galaxies

• Accreting black holes in the centre of massive 
elliptical galaxies power active galactic nuclei (AGN)

• AGNs have jets of charged particles which emit 
synchrotron radiation 

• Studying radio galaxies means understanding 
massive black holes and their evolution 

• Radio-loud sources are highly interesting for 
observational cosmology as they are observable at 
very large distances.
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ESO/WFI (Optical); MPIfR/ESO/
APEX/A.Weiss et al. (Submillimetre); 
NASA/CXC/CfA/R.Kraft et al. (X-ray)



Radio galaxy classification

• Fanaroff-Riley Classification:

• Two classes based on the ratio R of the 
distance between the regions of highest 
surface brightness on opposite sides of 
the central galaxy, to the total extent of 
the source up to the lowest brightness 
contour in the map. 

• Sources with R < 0.5 were placed in 
Class I (FRI) and sources with R > 0.5 
in Class II (FRII).
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Fanaroff & Riley (1974)
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Radio galaxy classification
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• We consider a 
4 class 
classification 
problem: 

• FRI, FRII 
plus compact 
and bent-
tailed 
sources



Radio galaxy classification

• Machine learnings models are successful in morphological classification of 
radio galaxies (see e.g. Aniyan & Thorat (2017), Alhassan et al. (2018) or 
Tang et al. (2019)) 

• Large labelled data sets are needed for such deep learning models 

• However morphological labels depend on visual inspection of experts from 
the field  labelled data is limited

• Data sets are enlarged by data augmented (rotated and flipped images)

→
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• Our idea: train classifiers on data sets augmented with the help of generative 
models i.e. we add generated images to the data set



Data set

• We combined the several catalogues and checked for duplicates

• E.g. CoNFIG (Gendre & Wall (2008), Gendre et al. (2010)) combines 
observations from FIRST, NVSS and SDSS to characterise radio source 
including the morphology i.e. FRI/ FRII/ Compact
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• We download images of the 
FIRST survey (Becker et al. 
1995) from the virtual 
observatory skyview

• Cropped to 128 x 128 pixels 
and all pixel values below 3 x 
local RMS noise set to zero
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https://skyview.gsfc.nasa.gov



Generative model

• Wasserstein GAN with gradient penalty
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<latexit sha1_base64="y/aKoRDcJaPSl4LVr5NnM7Po+Y4=">AAAB+XicbVDLSgNBEJyN7/ha9ehlMAiewq6IegzqwaOKMYEkhN5JJxky+2CmNxiW/IkXD4p49U+8+TdO4h40saChqOqmuytIlDTkeV9OYWFxaXllda24vrG5te3u7D6YONUCqyJWsa4HYFDJCKskSWE90QhhoLAWDC4nfm2I2sg4uqdRgq0QepHsSgFkpbbrNgkfKbtDUPwKCMZtt+SVvSn4PPFzUmI5btruZ7MTizTEiIQCYxq+l1ArA01SKBwXm6nBBMQAetiwNIIQTSubXj7mh1bp8G6sbUXEp+rviQxCY0ZhYDtDoL6Z9Sbif14jpe55K5NRkhJG4mdRN1WcYj6JgXekRkFqZAkILe2tXPRBgyAbVtGG4M++PE8ejsv+adm/PSlVLvI4Vtk+O2BHzGdnrMKu2Q2rMsGG7Im9sFcnc56dN+f9p7Xg5DN77A+cj29v/5OI</latexit>

Real Data
<latexit sha1_base64="cY1RJgAyQeo1OzrLwz3nLeGDRSg=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE1GPRiyepYD+gCWWznbZLN9mwOxFL6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RRWVtfWN4qbpa3tnd298v5B06hUc2hwJZVuh8yAFDE0UKCEdqKBRaGEVji6mfqtR9BGqPgBxwkEERvEoi84Qyv5PsITZndKGJh0yxW36s5Al4mXkwrJUe+Wv/ye4mkEMXLJjOl4boJBxjQKLmFS8lMDCeMjNoCOpTGLwATZ7OYJPbFKj/aVthUjnam/JzIWGTOOQtsZMRyaRW8q/ud1UuxfBZmIkxQh5vNF/VRSVHQaAO0JDRzl2BLGtbC3Uj5kmnG0MZVsCN7iy8ukeVb1Lqre/Xmldp3HUSRH5JicEo9ckhq5JXXSIJwk5Jm8kjcndV6cd+dj3lpw8plD8gfO5w+bjZIP</latexit>

Noise

<latexit sha1_base64="Lg/snfMxLQKXHHKA5nA6ZfY14y4=">AAAB9HicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegF29GMA9IljA76SRDZmfXmd5gWPIdXjwo4tWP8ebfOEn2oIkFDUVVN91dQSyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gbqJEc6jxSEa6GTADUiiooUAJzVgDCwMJjWB4M/UbI9BGROoBxzH4Iesr0ROcoZX8NsITpncJxglOOsWSW3ZnoMvEy0iJZKh2il/tbsSTEBRyyYxpeW6Mfso0Ci5hUmgnBmLGh6wPLUsVC8H46ezoCT2xSpf2Im1LIZ2pvydSFhozDgPbGTIcmEVvKv7ntRLsXfmpUPYlUHy+qJdIihGdJkC7QgNHObaEcS3srZQPmGYcbU4FG4K3+PIyqZ+VvYuyd39eqlxnceTJETkmp8Qjl6RCbkmV1Agnj+SZvJI3Z+S8OO/Ox7w152Qzh+QPnM8fpNeSrA==</latexit>

Output

<latexit sha1_base64="MtqotUsc9plVSt0aNnZDBMAGdfE=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KomIeix68VjBfkAbyma7aZduNnF3Ii2hf8KLB0W8+ne8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg4bJk4143UWy1i3Amq4FIrXUaDkrURzGgWSN4Ph7dRvPnFtRKwecJxwP6J9JULBKFqp1UE+wmw06ZbKbsWdgSwTLydlyFHrlr46vZilEVfIJDWm7bkJ+hnVKJjkk2InNTyhbEj7vG2pohE3fja7d0JOrdIjYaxtKSQz9fdERiNjxlFgOyOKA7PoTcX/vHaK4bWfCZWkyBWbLwpTSTAm0+dJT2jOUI4toUwLeythA6opQxtR0YbgLb68TBrnFe+y4t1flKs3eRwFOIYTOAMPrqAKd1CDOjCQ8Ayv8OY8Oi/Ou/Mxb11x8pkj+APn8weotJBh</latexit>x

<latexit sha1_base64="PdnbQyfL3tSQdHyMyPyFNRMgICU=">AAAB73icbVBNS8NAEN34WetX1aOXxSJ4KomIeix68VjBfmAbymY7aZduNnF3IpbQP+HFgyJe/Tve/Ddu2xy09cHA470ZZuYFiRQGXffbWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQ53HMtatgBmQQkEdBUpoJRpYFEhoBsPrid98BG1ErO5wlIAfsb4SoeAMrdTqIDxhdj/ulspuxZ2CLhIvJ2WSo9YtfXV6MU8jUMglM6btuQn6GdMouIRxsZMaSBgfsj60LVUsAuNn03vH9NgqPRrG2pZCOlV/T2QsMmYUBbYzYjgw895E/M9rpxhe+plQSYqg+GxRmEqKMZ08T3tCA0c5soRxLeytlA+YZhxtREUbgjf/8iJpnFa884p3e1auXuVxFMghOSInxCMXpEpuSI3UCSeSPJNX8uY8OC/Ou/Mxa11y8pkD8gfO5w97HpBD</latexit>

Z

<latexit sha1_base64="3ealqsSRqJ0JHZxUgsl01ezu9l4=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BIvgqSQi6rHoxWMFWwtNKJvNpF26+WB3UlpC/okXD4p49Z9489+4bXPQ1gcDj/dmmJnnp4IrtO1vo7K2vrG5Vd2u7ezu7R+Yh0cdlWSSQZslIpFdnyoQPIY2chTQTSXQyBfw5I/uZv7TGKTiSfyI0xS8iA5iHnJGUUt903SRiwByF2GC+aQo+mbdbthzWKvEKUmdlGj1zS83SFgWQYxMUKV6jp2il1OJnAkoam6mIKVsRAfQ0zSmESgvn19eWGdaCawwkbpitObq74mcRkpNI193RhSHatmbif95vQzDGy/ncZohxGyxKMyEhYk1i8EKuASGYqoJZZLrWy02pJIy1GHVdAjO8surpHPRcK4azsNlvXlbxlElJ+SUnBOHXJMmuSct0iaMjMkzeSVvRm68GO/Gx6K1YpQzx+QPjM8flZSUSA==</latexit>

x̃
<latexit sha1_base64="8tNt36oLxOlkYtPNI8ijTJCCiWM=">AAAB73icdVDJSgNBEO2JW4xb1KOXxiB4GmbiZJlb0IvHCMYEkiH0dHqSJj2L3TViGPITXjwo4tXf8ebf2FkEFX1Q8Hiviqp6fiK4Asv6MHIrq2vrG/nNwtb2zu5ecf/gRsWppKxFYxHLjk8UEzxiLeAgWCeRjIS+YG1/fDHz23dMKh5H1zBJmBeSYcQDTgloqdMDdg/ZZNovlizTqrhOrYwts2LZrnOmievWnWoF26Y1Rwkt0ewX33uDmKYhi4AKolTXthLwMiKBU8GmhV6qWELomAxZV9OIhEx52fzeKT7RygAHsdQVAZ6r3ycyEio1CX3dGRIYqd/eTPzL66YQ1L2MR0kKLKKLRUEqMMR49jwecMkoiIkmhEqub8V0RCShoCMq6BC+PsX/k5uyaVdN+8opNc6XceTRETpGp8hGNdRAl6iJWogigR7QE3o2bo1H48V4XbTmjOXMIfoB4+0TLBGQvA==</latexit>y

<latexit sha1_base64="8tNt36oLxOlkYtPNI8ijTJCCiWM=">AAAB73icdVDJSgNBEO2JW4xb1KOXxiB4GmbiZJlb0IvHCMYEkiH0dHqSJj2L3TViGPITXjwo4tXf8ebf2FkEFX1Q8Hiviqp6fiK4Asv6MHIrq2vrG/nNwtb2zu5ecf/gRsWppKxFYxHLjk8UEzxiLeAgWCeRjIS+YG1/fDHz23dMKh5H1zBJmBeSYcQDTgloqdMDdg/ZZNovlizTqrhOrYwts2LZrnOmievWnWoF26Y1Rwkt0ewX33uDmKYhi4AKolTXthLwMiKBU8GmhV6qWELomAxZV9OIhEx52fzeKT7RygAHsdQVAZ6r3ycyEio1CX3dGRIYqd/eTPzL66YQ1L2MR0kKLKKLRUEqMMR49jwecMkoiIkmhEqub8V0RCShoCMq6BC+PsX/k5uyaVdN+8opNc6XceTRETpGp8hGNdRAl6iJWogigR7QE3o2bo1H48V4XbTmjOXMIfoB4+0TLBGQvA==</latexit>y

<latexit sha1_base64="C11791BRcyxhq+2zX6fejpyK78s=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMdgLh4jmAckS5idzCZDZh/O9AbDku/w4kERr36MN//GyWYPmljQUFR1z3SXF0uh0ba/rcLa+sbmVnG7tLO7t39QPjxq6ShRjDdZJCPV8ajmUoS8iQIl78SK08CTvO2N63O/PeFKiyh8wGnM3YAOQ+ELRtFIbg/5E6Z1JVCwWb9csat2BrJKnJxUIEejX/7qDSKWBDxEJqnWXceO0U2pMq9JPiv1Es1jysZ0yLuGhjTg2k2zpWfkzCgD4kfKVIgkU39PpDTQehp4pjOgONLL3lz8z+sm6N+4qQjjBHnIFh/5iSQYkXkCZCAUZyinhlCWXU7YiCrK0ORUMiE4yyevktZF1bmqOveXldptHkcRTuAUzsGBa6jBHTSgCQwe4Rle4c2aWC/Wu/WxaC1Y+cwx/IH1+QNW65J5</latexit>

Critic

<latexit sha1_base64="RvZhXEJh0c1AZ2HJSaczNHAzf+k=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KomIeix60GMF+wFtKJvttF262YTdSbGE/hMvHhTx6j/x5r9x2+agrQ8GHu/NMDMvTKQw6Hnfzsrq2vrGZmGruL2zu7fvHhzWTZxqDjUey1g3Q2ZACgU1FCihmWhgUSihEQ5vp35jBNqIWD3iOIEgYn0leoIztFLHddsIT5jdgQLNMNaTjlvyyt4MdJn4OSmRHNWO+9XuxjyNQCGXzJiW7yUYZEyj4BImxXZqIGF8yPrQslSxCEyQzS6f0FOrdGkv1rYU0pn6eyJjkTHjKLSdEcOBWfSm4n9eK8XedZAJlaQIis8X9VJJMabTGGhXaOAox5YwroW9lfIB04yjDatoQ/AXX14m9fOyf1n2Hy5KlZs8jgI5JifkjPjkilTIPamSGuFkRJ7JK3lzMufFeXc+5q0rTj5zRP7A+fwBQc6UEQ==</latexit>

Generator

• Generator and Critic based on convolutional layers

• Conditioned on the class labels
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Generated images
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• Best generator model 
found by a metric based 
on statistical properties 
of the images

• In particular, we compare 
several histograms (e.g. 
pixel intensities) of real 
and synthetics images  
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Classifiers

• Two classifier setups: 

• Fully-connected network (FCN) 

• Convolutional neural network (CNN)

• Two approaches:

• Generating fixed sets of images before training

• On the fly generation of images (not covered)

• In both cases the resulting data set is balanced
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https://stanford.edu/~shervine/teaching/
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Fully-connected network
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• GAN_n: size(generated set) = n x size(training set) 
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Fully-connected network
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• Best model = minimal Brier Score  

        

• Mean squared error of predicted 
probabilities

BS =
1
N

N

∑
t=1

R

∑
i=1

( fti − oti)2

Brier (1950)
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Fully-connected network on test set
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F1 Score Brier Score
, , F1 = 2 ⋅

Precision ⋅ Recall
Precision + Recall

Precision =
tp

tp + fp
Recall =

tp
tp + fn
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CNN on test set
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F1 Score Brier Score
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CNN on GAN-generated test set

27.04.2022 CDCS Symposium, Janis Kummer

F1 Score Brier Score
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Conclusions

• We managed to simulate radio galaxies with generative models realistic 
enough for subsequent applications. 

• We are able to improve a simple (FCN) classifier significantly compared to 
the data only baseline by adding GAN-generated images to the training set.

• More about the project  Florian Griese’s talk in the CCU session          →
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