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A B S T R A C T 

Machine learning techniques that perform morphological classification of astronomical sources often suffer from a scarcity of 
labelled training data. Here, we focus on the case of supervised deep learning models for the morphological classification of radio 

galaxies, which is particularly topical for the forthcoming large radio surv e ys. We demonstrate the use of generative models, 
specifically Wasserstein generative adversarial networks (wGANs), to generate data for different classes of radio galaxies. 
Further, we study the impact of augmenting the training data with images from our wGAN on three different classification 

architectures. We find that this technique makes it possible to impro v e models for the morphological classification of radio 

galaxies. A simple fully connected neural network benefits most from including generated images into the training set, with a 
considerable impro v ement of its classification accurac y. In addition, we find it is more difficult to impro v e comple x classifiers. 
The classification performance of a convolutional neural network can be impro v ed slightly. Ho we ver, this is not the case for a 
vision transformer. 

Key words: Machine Learning; – Data Methods – methods: data analysis – methods: statistical – radio continuum: galaxies –
techniques: image processing. 
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 I N T RO D U C T I O N  

adio galaxies are galaxies that emit a large fraction of their
lectromagnetic output in the radio band. The structures visible in
adio wavelengths are typically larger than the structures visible in
ptical wavelengths. Radio galaxies are a class of active galactic
uclei (AGNs) and are powered by supermassive black holes at
he centres of galaxies. The extended emission is produced by
ynchrotron radiation of highly relativistic particles accelerated by
he AGN. Studying radio galaxies helps to understand the effects
f massive black holes on their environment (see e.g. McNamara &
ulsen 2007 ). The jets of highly energetic particles emitted by giant

adio galaxies potentially play a major role in the creation of cosmic
agnetic fields (Vazza et al. 2023 ). 
A lot of new radio sources will be disco v ered with the new

eneration of radio telescopes (e.g. LOFAR , MeerKAT , and in the
uture the SKA , Carilli et al. 2004 ; van Haarlem et al. 2013 ; Jonas
 MeerKAT Team 2016 ). Processing the incoming data is one

f the biggest challenges in radio astronomy. The cause is not
nly the enormous amount of data, but also the higher source
 E-mail: janis.kummer@desy.de 
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ommons Attribution License ( http://cr eativecommons.or g/licenses/by/4.0/), whi
ensity due to the impro v ed sensitivity of the instruments. No v el
echniques are required for this purpose. For instance, the SKA
ata challenges have demonstrated the difficulties of source finding
or SKA data (Bonaldi et al. 2021 ). Deep learning has been used
o automate processes in radio astronomical data reduction, e.g.
n the automatic flagging of data (see e.g. Mosiane et al. 2017 ).
nother example is the work by Mesarcik et al. ( 2020 ) who have
sed a variational autoencoder (VAE) in combination with other
ethods to automatically inspect data to diagnose system health

or modern radio telescopes. Commonly large amounts of labelled
raining data are required for supervised algorithms, which are not
l w ays available. 

Morphological classification of radio sources can be achieved
y deep learning models trained on well-understood data sets.
lhassan et al. ( 2018 ), Aniyan & Thorat ( 2017 ), Maslej-Kre ̌s ̌n ́akov ́a

t al. ( 2021 ), Samudre et al. ( 2021 ), and Tang et al. ( 2019 ) use
onvolutional neural networks (CNNs) trained on data from the Faint
mages of the Radio Sky at Twenty-Centimeters (FIRST) surv e y
Becker et al. 1995 ) for the classification of radio galaxies. The
rchitectures of the neural networks for classification are inspired by
he AlexNet (Krizhevsky et al. 2012 ). For approaches in radio galaxy
lassification that use non-standard CNNs and other techniques, see
.g. Bowles et al. ( 2020 ), Lukic et al. ( 2019 ), Ma et al. ( 2019b ),
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Figure 1. Class definition for FR I, FR II, compact, and bent. For the bent 
class we show an example of an NAT source in the left-hand panel and a WAT 

source in the right-hand panel. 
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twaetsile & Geach ( 2021 ), Sadeghi et al. ( 2021 ), Scaife & Porter
 2021 ), and Wu et al. ( 2019 ). 

In other areas of astronomy, similar morphological classification 
roblems arise, e.g. for classification of optical galaxies (Lintott et al. 
008 ; Nair & Abraham 2010 ), and of gravitational lenses (Petrillo
t al. 2017 ). Here, supervised methods of machine learning have been
pplied with some success, see e.g. Cheng et al. ( 2020 ), Huertas-
ompany & Lanusse ( 2023 ), Vavilova et al. ( 2021 ), and Walmsley
t al. ( 2019 ). 

Ho we v er, the e xisting number of radio sources with morphological
abels is limited [the MiraBest data set contains 1254 Fanaroff–
iley type I (FR I), FR II, and hybrid FR sources (Porter 2020 )].
hese class labels are typically extracted from catalogues created 
nd curated manually by experts. Small data sets used in the 
raining of deep learning models for galaxy classification can be 
nlarged by data augmentation (Maslej-Kre ̌s ̌n ́akov ́a et al. 2021 ),
.g. by applying random rotations and reflections to the images 
classical augmentation). A different approach based on equivariance 
mplements the symmetry constraints of the problem directly in 
he construction of the model (Bowles et al. 2021 ; Scaife & Porter
021 ). This may help classifiers to understand symmetries without 
elying e xclusiv ely on augmentation and may be particularly useful
or problems with sparse data. 

In this work, we investigate a no v el application of generativ e
odels to enhance the available training sets. For this augmentation 

echnique, multiple neural networks are combined to learn the 
nderlying distribution of a data set. We focus on the task of
lassifying different morphological types of radio galaxies. The 
orphological classification scheme by FR is fundamental for such 

pplications (Fanaroff & Riley 1974 ). For the class FR I, the unique
aximum of the radio emission resides in the centre of the source and

he surface brightness decreases along the jets. For FR II sources, the
wo maxima of the radio emissions are located at the edges of the jets
nd the surface brightness in the centre is lower. As radio sources
ave a large variety of structures, we consider two more classes.
nresolved and point sources are contained in the compact class. 
he bent class consists of sources for which the angle between the

ets differs significantly from 180 degrees. The two subtypes narrow- 
ngle tail (NAT) and wide-angle tail (WAT) are further discriminated 
y the angle, but are fully subsumed in the bent class for this study.
s in Alhassan et al. ( 2018 ) and Samudre et al. ( 2021 ), we study
 four-class classification problem, including bent-tail and compact 
ources in addition to the classes FR I and FR II of Fanaroff & Riley
 1974 ). Fig. 1 illustrates the considered classes (FR I, FR II, compact,
nd bent). 

Other studies probe the use of generative models to create images 
f radio galaxies (Ma et al. 2018 , 2019a ; Bastien et al. 2021 ).
hese studies are based on VAEs. Generativ e adv ersarial networks 

GANs) have been applied to astrophysical images in Schawinski 
t al. ( 2017 ). For a semisupervised GAN application to radio pulsars
ee Balakrishnan et al. ( 2021 ). In Hackstein et al. ( 2023 ), various
 v aluation metrics are used to compare different generative models 
rained on optical galaxy images. 

In this study, we investigate whether different radio galaxy 
lassifiers can be impro v ed when training is supported by providing
dditional data generated with a Wasserstein generative adversarial 
etwork (wGAN). For similar approaches from different fields see 
.g. Frid-Adar et al. ( 2018 ), Gowal et al. ( 2021 ), and Zhu et al.
 2017 ). We extend our framework presented in Kummer et al. ( 2022 )
o handle larger ratios between real and generated images. Additional 
mages are only generated when they are needed during training. As
efore, we start with a simple model, namely an FCN. In addition,
e apply wGAN-supported augmentation to a CNN and a vision 
ransformer (ViT, see Dosovitskiy et al. 2020 ). 

The long-term goal is to use classification models to process 
ncoming data from new radio telescopes. For this purpose, clas- 
ification models need to generalize particularly well. A common 
roblem in astronomy is the scarcity of labelled data in the face
f large amounts of new data to process. This is a very different
ituation as for instance in particle physics, where simulations 
re highly fine-tuned and experiments are constantly repeated. In 
articular, for forthcoming radio surv e ys, and ev en for the majority
f sources in FIRST, no morphological labels are available. As a
esult unsupervised, semisupervised, and self-supervised methods 
ave gained attention without reaching the performance of supervised 
ethods (Mostert et al. 2021 ; Slijepcevic et al. 2022a , b ). The current

lassification scheme of radio galaxies and our physical interpretation 
ill be challenged by new radio surv e ys. F or instance, Mingo et al.

 2019 ) detected a large population of low-luminosity FR II sources in
he LOFAR Two-Metre Sky Survey (see Shimwell et al. 2019 , 2022 )
hat is not expected from the conventional FR distinction based on
adio luminosity. Disco v eries of rare morphologies can help to e xtend
ur understanding of radio sources, but are potentially prohibited 
y supervised learning techniques. Unsupervised methods such as 
elf-organizing maps can be used efficiently to disco v er such rare
orphologies (Mostert et al. 2021 ). 
This paper is organized as follows: In Section 2 , we introduce

he data set used for training, validation, and testing. The generative
RASTAI 2, 264–277 (2023) 
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Table 1. Number of radio galaxy images per class in the train, validation, 
and test data sets. 

FR I FR II Compact Bent Total 

5-Fold cross train 316 659 232 198 1405 
5-Fold cross valid 79 165 59 50 353 
Test 100 100 100 100 400 

Total 495 924 391 348 2158 
Relativ e frequenc y 0.23 0.43 0.18 0.16 1 
In total 
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odel and its implementation are described in Section 3 . The training
rocedure and the assessment of image quality are discussed in
ection 4 . The results of the comparison between only classical and
lassical plus wGAN-supported augmentation for different classifiers
re presented in Section 5 before we conclude in Section 6 . 

 DATA  

e combine different catalogues (Gendre & Wall 2008 ; Gendre
t al. 2010 ; Proctor 2011 ; Baldi et al. 2017 ; Capetti et al. 2017a ,
 ; Miraghaei & Best 2017 ) that characterize radio sources from
he FIRST surv e y to create a data set of 2158 radio galaxy images
ith morphological labels. The labelling in the catalogues is typ-

cally performed by experts by considering radio images and the
orresponding optical counterparts. We group radio sources into
our classes, namely FR I, FR II, compact and bent. The source
oordinates are compared between catalogues to remo v e duplicates.
ources that appear with different labels are regarded as ambiguous
nd are remo v ed entirely. More details on the acquisition of the
ata set can be found in Griese et al. ( 2023 ). The data set is
ublished on zenodo (Griese et al. 2022 ) and on GitHub ( https:
/github.com/floriangriese/RadioGalaxyDataset). The radio galaxy 
mages of the FIRST surv e y are collected from the virtual observatory
kyview. 1 We start from the original images with a size of (300 × 300)
ixels. Then we adopt the preprocessing procedure from Aniyan &
horat ( 2017 ). In particular, we set all pixel values below three times

he local RMS noise to the value of this threshold. We apply classical
ugmentation to all images during training consisting of random
otations and reflections of the base image. This augmentation is
one every time an image comes up in the training loop, so that the
ugmentation factor simply depends on the number of iterations of
he training procedure. Consequently, classical augmentation retains
he class imbalance present in the base image set. The augmented
mages are then cropped to the input size of our generative network,
.e. to (128 × 128) pixels. Subsequently, the pixel values are rescaled
o the range [ −1, 1] to represent floating point grey-scale images. 

We separated 100 sources per class from the data set for the final
 v aluation of our models. For validation purposes during training
e.g. choosing the best model), we use a 5-fold cross-validation.
herefore, we do not need a separate validation set. As a result, we

ose less training data. In particular, we split the training set into five
locks and did five separate training runs. For each of these runs one
f the five blocks was used as the validation set and the remaining
our blocks represented the corresponding training set. The quantities
er class and per split are shown in Table 1 . 
ASTAI 2, 264–277 (2023) 
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he ability to learn representations of underlying statistical distri-
utions of data sets makes generative models a powerful tool for
he creation of additional data points. In particular, sampling from
hose representations allows speeding up conventional simulation
echniques significantly and may be useful for further subsequent
reatments (Buhmann et al. 2021 , 2022 ). 

Three different categories of generative models are well-
stablished: GANs, VAEs, and flo w-based models. Dif fusion models
epresent a relatively new development in this area. In this work, we
ocus on GANs. They consist of two neural networks: a generator G
hat generates f ak e images from a noise vector Z and the discriminator
 that discriminates between real and f ak e images. This architecture
as first introduced in Goodfellow et al. ( 2014 ) and Salimans et al.

 2016 ). In a two-player minimax game, the generator learns to create
 ak e images, which become less and less distinguishable from the
eal ones in the course of the training. The loss function for this
et-up reads (Goodfellow et al. 2014 ; Salimans et al. 2016 ) 

 = min 
G 

max 
D 

E [ log D( x)] + E [ log (1 − D( G ( z)))] , (1) 

here x represent real samples and G ( z) = ˜ x generated samples. 
For this project, we employ a variant of the standard GAN set-

p called wGAN that uses the Wasserstein-1 metric, also referred
o as the Earth mo v er’s distance, as main term in the loss function
Arjo vsk y et al. 2017 ). This loss function is calculated as 

 = sup 
f ∈ Lip 1 

{ E [ f ( x) − E [ f ( ̃  x )] } , (2) 

here f denotes a 1-Lipschitz function that is learned during the
raining procedure. The discriminator of a standard GAN is trans-
ormed into a critic and is used to estimate the Wasserstein distance
etween real and generated images. Hence, the absolute value of the
oss function is correlated with the image quality, resulting in the
ame change. Additionally, the training of wGANs is often more
table and more likely to converge than standard GAN set-ups. To
pproximate the Wasserstein-1 metric by use of a critic network, it
as to be ensured that the 1-Lipschitz constraint is fulfilled. This is
chieved by applying a gradient penalty term to the loss function as
n Gulrajani et al. ( 2017 ): 

 = λ E [( ‖∇ ˆ x f ( ̂  x ) ‖ 2 − 1) 2 ] (3) 

or random samples ˆ x ∼ P ˆ x . 
Since we work with image data, it has pro v en to be the most

romising approach to construct a wGAN set-up based on convolu-
ional layers (Radford et al. 2015 ). The generator receives a noise
ensor of size 100 ×1 and a class label y and, through multiple layers
f two-dimensional (2D) transposed convolution operators, enlarges
his to a 128 × 128 tensor, consistent with the dimensions of real
mages. The critic is given either real or generated images, as well
s the class label y . The output of the critic is a single real value,
hich represents the belief of the critic for the image to be real.
enerator and critic are trained intermittently, where the critic has
v e training c ycles per training c ycle of the generator. When training

he generative model, it is necessary to apply classical augmentation
uch that the symmetries of the training set are also present in the
enerated data sets, and to a v oid introducing a bias due to the limited
umber of training examples. 
Morphologies of radio galaxies are diverse and result in very

ifferent images. Consequently, it is reasonable to condition the
etworks with the class label y such that a combination of image
nd class label is provided to the networks. In particular, this

https://github.com/floriangriese/RadioGalaxyDataset
https://skyview.gsfc.nasa.gov
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Figure 2. Schematic of the wGAN architecture, where y denotes the class 
label of real x or generated images ˜ x . 
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llows applying supervised learning techniques on the output of 
he generator. For our set-up, this is achieved for the generator by
pplying a 2D transposed convolution operator on a matrix of image 
imensions filled with the class label. The transpose-convoluted layer 
s then concatenated to the first transpose-convoluted layer of the 
oise tensor. Batch normalization in 2D and ReLU (Rectified Linear 
nit) acti v ation functions are used. The concatenated tensor is then
assed through five additional 2D transposed convolutions, where 
o normalization or acti v ation is applied after the last layer. Instead,
he individual pixel values are clipped to [ −1,1] for conversion to
rey-scale. The critic is built analogously, but uses 2D convolutional 
ayers, resulting in a single output node representing the critic 
core for image quality. Here, layer normalization and leaky ReLU 

unctions are used except for the last layer. The leaky ReLU acti v ation
unction is an attempt to a v oid the ‘dead neuron’ phenomenon of the
ure ReLU function, where any gradient information is lost if the 
nput is ne gativ e. This makes the critic more stable against suboptimal
tarting points. The layer norm computes the normalization o v er the
eatures instead of batches. A schematic of the wGAN set-up can be
ound in Fig. 2 . For more details on the architectures see Tables B1
nd B2 . 

 RESULTS  O F  IMAG E  G E N E R AT I O N  WITH  A  

G A N  

.1 Training 

or each choice of training and validation data in the cross-validation 
rocedure a wGAN training run is launched on the corresponding 
raining set. The training is performed with a single NVIDIA A100 
PU provided by the Maxwell cluster at DESY for 40 000 generator

terations, i.e. weight updates. A batch size of 400 is chosen and one
raining run takes roughly 7 h to complete. The choice of the batch
ize did not have a strong impact on the performance of the model, so
hat we chose a size that still comfortably fits into the GPU’s memory,
hile being large enough to fully profit from the computing speed-up 
f larger batches. The generator and critic weights are saved every 
50 iterations, allowing scanning for the best training state later on, 
s described in the following section. Choosing such an iteration 
or every model and training run is necessary as wGAN training 
uns generally do not converge fully but rather fluctuate around an 
ptimal value. This means that it is not instructive to simply use the
nal state of the model after training and instead other metrics need

o be studied to choose an optimal working point. While comparing 
ifferent model set-ups, we are only interested in the performance 
f these optimal working points. All models are implemented and 
rained in PyTorch (Paszke et al. 2019 ). For an overview of training
etails we refer to Table B5 . The choice of hyperparameters is
nspired by values obtained by Buhmann et al. ( 2021 ). With the
xception of the learning rate, other hyperparameters have not been 
urther optimized. 

.2 Evaluation of image quality 

n this section, we present images created using the generator of the
GAN and examine the quality of the generated images in several
ays. 

.2.1 Distribution-based comparison 

e define a set of distributions to compare generated images with the
raining data set, in order to determine the quality of generated images
nd thus to find the best performing training iteration. This includes
ormalized histograms of pixel intensities, the number of pixels with 
n intensity greater than zero, and of the sum of intensities. These
istograms are compared for each class individually and the relative 
ean absolute error (RMAE) between the generated set of 10 000

mages and the training set is computed. The RMAEs for the different
istributions are summed up to yield a single figure-of-merit (FOM), 
here the wGAN training iteration with the lowest FOM value is
sed in the following as the best model. This procedure is followed
or each of the four classes separately, i.e. we allow a different
teration of the generator training to yield the best model for each
lass. The chosen distributions are commonly used for images (e.g. 
hotography), but it is important to note that they do not specifically
ontain information on the shape of the radio galaxies within these
mages. The choice of RMAE is based on its very fast computing
ime and robustness against empty bins while we acknowledge that 
ther test metrics can be used. 
Arbitrarily chosen examples of these distributions are shown in 

ig. 3 , where the distribution of the real images is shown in orange
nd the distribution of the generated images in blue. The uncertainty
or each bin is given by the square-root of entries in that bin before
ormalization. The bottom panels in this figure show the per-bin 
ivergence between the distributions, where absolute deviations 
arger than 1 are indicated by the corresponding value written in
ox es. Here, only e xamples from the first cross-validation fold (of
ve) are shown. 
Overall, the distributions of the generated images tend to follow the

istribution of the real images. Nevertheless, the generated images 
ave difficulties in recreating very low, but non-zero, intensities. 
his can be seen for pixel values between 1 and 20 in Fig. 3 a, which
irectly translates into underrepresenting the number of pixels with 
n intensity I > 0 in Fig. 3 c. 

.2.2 Visual comparison 

n order to get a visual idea of image quality, we generated a set of
000 images per class and compared them to the full training data set
 v er all cross-validation folds. The images are rotated so that their
rincipal components are aligned. Subsequently, we compute the 
ix el-by-pix el difference for all possible pairs of real and generated
mages. All classes also include a few difficult to define sources with
ather small spatial extension that are easy to emulate but do not
how the generator’s capability of reproducing the more interesting 
xtended sources. Thus, we only consider images with an intensity 
um of at least 15 000 (5000) for the extended (compact) radio
alaxies. We show the resulting closest pairs for each class in Fig. 4 .
y eye, the generated images appear very similar to the analogue
RASTAI 2, 264–277 (2023) 
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(a)

(b)

(c)

Figure 3. Examples of image quality measures comparing histograms of 
real (orange) and generated (blue) images for the generator training iteration 
with the lowest combined RMAE for the corresponding class. The per-bin 
relative error is shown in the bottom of each panel. Histograms shown here 
are chosen arbitrarily from the first cross-validation fold. 
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2 For the adopted ViT implementation see https:// github.com/lucidrains/ vit- 
pytorch and for the corresponding weights see https://github.com/google-re 
sear ch/vision transformer . 
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eal images, indicating a good performance of the generator set-up
n terms of fidelity. In addition, the diversity of the generated data is
rucial for the study in Section 5 . To also get an impression of this
i versity we sho w a random set of generated images in Appendix A .

.2.3 Classifier-based comparison 

ext, we use a CNN trained solely on the data set of real images to
ssess the image quality further. We compare the performance of the
ASTAI 2, 264–277 (2023) 
ame classifier e v aluated on the real test set and a set of generated
mages. The architecture of the CNN used for this experiment is
ummarized in Table B3 and the hyperparameters in Table B5 . A
omparison of the confusion matrices on both sets tests for any bias
ntroduced by the image generation. In particular, we e v aluate the
onditioning on the class labels. In the top panel of Fig. 5 , we show
he confusion matrix of the classifier on the real test set. Comparing
his to the confusion matrix obtained by the same classifier on a set
f generated images on the bottom panel of Fig. 5 , we find that the
lass conditioning of the generated images works o v erall quite well.
o we ver, confusion for images of the class FR I with the predicted

lasses FR II is enhanced on the generated test set. The classification
erformance of the Compact class is decreased on the generated test
et, where particularly the misidentification of true compact class
mages as FR II images is increased. This might be due to the fact
hat some FR II-like sources resemble a combination of two compact
ources. Confusion for true bent class images predicted to be of the
R I class is slightly reduced. The confusion between FR I and bent-

ail sources is expected to be large as these classes contain sources
hat have faint, smeared out radio structures. In contrast, FR II and
ompact sources typically share sharp margins. 

 RESULTS  O F  CLASSIFIER  T R A I N I N G  USING  

GAN-SUPPORTED  AU G M E N TAT I O N  

e assess the new approach of supplementing the training set
ith generated images by comparing the performance of different

lassifiers (each trained on different setups with increasing amount
f generated data). Our benchmark is the performance of the classifier
rained on the original training set. We test the performance of
he classifier trained with the original training set plus simulated
mages by the generator of the wGAN against this benchmark. We
tart with a FCN (see Table B4 ). Subsequently, we increase the
omplexity of the classifier by training a CNN (see Table B3 ). Finally,
e apply our framework to a state-of-the-art classifier, namely

he ViT (Dosovitskiy et al. 2020 ). Inspired by the performance of
ransformers in natural language processing, like BERT (Devlin et al.
018 ) and GPT (Radford et al. 2018 , 2019 ; Brown et al. 2020 ),
iTs are frequently used in computer vision tasks e.g. classification,
bject detection, and segmentation (Khan et al. 2022 ; Shamshad
t al. 2022 ; Ulhaq et al. 2022 ). The self-attention mechanism enables
earning long-range relationships between items within a sequence.
urther, the architecture provides a scalability to high-complexity
odels (Khan et al. 2022 ). As the transformer assumes less prior

nowledge than a CNN based model, it requires more training data,
hus, the transformer models are typically pre-trained on large-scale
ata sets to learn more general representations and afterwards the
earned representations are fine-tuned to the task with limited data
Khan et al. 2022 ). In our case, we use the default V iT-B 16 V iT
onfiguration with pre-trained weights from the ImagetNet21k data
et 2 with a resetted head layer. The wGAN-generated images with
ixel sizes 128 x 128 are zero-padded up to 224 × 224 pixels to fit the
re-trained model input size. As an attention based model, the ViT
plits the image into fixed-size patches processed by the transformer
ncoder. 

We generate images on the fly, i.e. each time a generated image is
oaded it is newly generated. The images are generated such that the

art/rzad016_f3.eps
https://github.com/lucidrains/vit-pytorch
https://github.com/google-research/vision_transformer
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Figure 4. Closest matching pairs in terms of a pixel-wise difference between generated and real images for each class. The set of real images is the full training 
data set o v er all cross-validation folds; the generated data set consists of 5000 images per class. Images are aligned according to the first principal component. 
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esulting data set is balanced. As a loss function, cross-entropy loss
s implemented, weighted for the imbalanced data only runs. The 
raining set-ups are not optimized to reach maximal classification 
ccuracies. The goal of this study is only to compare classical 
ugmentation with wGAN-supported augmentation for each of the 
lassifiers. We do not compare performance between the three 
lassifiers in detail either. For further training details see Table B5 . 

.1 Evaluation metrics 

o compare the o v erall performance among different training setups
nd to determine the best training iteration of a classifier training 
un (see Fig. 6 ), we use the multiclass Brier score (Brier 1950 ). The
rier score is essentially the mean squared error of the predicted 
robabilities of a classifier for all classes. This has the advantage that
lso the certainty of the classifier’s decision is considered, which 
inner-takes-all FOMs such as accuracy do not take into account. 
or each set-up, i.e. for a given ratio between the number of generated
 g and real images i r , denoted λ = i g / i r , we have five models due to
he 5-fold cross-validation. 

The final e v aluation is performed on an independent test set that
ontains real data only. We use the most commonly applied metric 
n radio astronomy publications: multiclass accuracy. In order to 
stimate statistical fluctuations, we average the performance metrics 
 v er the five best models of each cross-validation fold. 

.2 Accuracy 

he multiclass accuracy, i.e. number of correct classifications o v er 
umber of all classifications, on the test data set is shown in Fig. 7
or the three different classifiers investigated here. The results are 
ho wn for dif ferent training scenarios, where the number of generated 
mages used to augment the training data set (represented by λ)
s varied. The blue markers (uncertainty bars) represent the mean 
standard deviation) of the obtained results o v er all cross-validation
olds for the augmented training data sets and the horizontal orange
ine (area) show the corresponding result for the real data only case.

Fig. 7 a presents the results for the FCN, which yields an impro v e-
ent in accuracy of (17.5 ± 4.7) per cent o v er the baseline set-up at
= 2. All augmented training set-ups outperform the real data only

ase which reaches an accuracy of (58.7 ± 1.8) per cent. 
The highest obtained average for the CNN classifier is reached 

or λ = 3, as can be seen in Fig. 7 b, which is (3.0 ± 1.8) per cent
igher than the real data only baseline at (78.9 ± 1.1) per cent. The
ighest obtained average using wGAN augmented training data for 
he ViT classifier is reached at λ = 2, see Fig. 7 c, which is (0.7 ±
.0) per cent lower than the real data only baseline at (80.6 ± 0.9)
er cent. For additional performance analyses per class we refer to
ppendix C . 

 DI SCUSSI ON  A N D  C O N C L U S I O N  

he approach used for the study presented here, utilizing a wGAN,
s no v el to the field of radio astronomy. We are able to generate
ighly realistic images of radio sources of the four different radio
alaxy classes. For this, we rely on the good agreement between
he image metric distributions, such as the pixel intensity histogram, 
etween real and generated images, as well as the good agreement
etween the confusion of a CNN classifier trained only on real data
btained on a real data only test set and a generated data only test set.
articularly the latter, provides confidence for the class conditioning 
f the generator. 
Following a visual inspection, we note that the generated im- 

ges tend to have sharper edges, i.e. low-intensity pixels directly 
ext to high-intensity pixels. This is not the case for real im-
ges, which are smeared due to detector resolution effects. Re- 
olving these issues would yield even more realistic generated 
mages. 
RASTAI 2, 264–277 (2023) 
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(a)

(b)

Figure 5. Confusion matrices on the real only test data set (abo v e) and a 
data set of 4000 generated images, where each of the generators pertaining 
to a cross-validation fold contributes 200 images per class (5 generators × 4 
classes × 200 images). Matrices are row-wise normalized and both data sets 
are class balanced. The values represent the mean and standard deviation of 
the confusion matrices obtained from each of the classifiers trained on the 
cross-validation folds with classical augmentation only. 

Figure 6. Weighted Brier score on the corresponding cross-validation 
validation sets per classifier training iteration. The iteration resulting in the 
minimum score is indicated by a dashed vertical line. 

(a)

(b)

(c)

Figure 7. Accuracy on the test data set for the three different classifier 
architectures for different training scenarios, where the amount of generated 
images used to augment the training data set (represented by λ) is varied. The 
blue markers (uncertainty bars) represent the mean (standard deviation) of the 
obtained results o v er all cross-validation folds for the classically + wGAN 

augmented training data sets and the horizontal orange line (area) show the 
corresponding result for the only classically augmented case. 
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Ho we ver, we do not observe issues known from other state-of-the-
rt generative networks in radio astronomy. VAE-based models suffer
rom different noise levels between generated and training data or
seudo-textures and pseudo-structures (see e.g. Bastien et al. 2021 ).
he results of this study therefore constitute a major impro v ement in
enerated image quality. 
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This high quality of the images allows us to use them to impro v e
he training of an external classifier, called wGAN-supported aug- 

entation here. This represents an extension to realistic data of the 
tudies done in Butter et al. ( 2021 ), which showed that statistical
nformation contained in a simplistic toy training data set can be 
ugmented using generative models. Another extension of this study 
o more realistic data in the field of particle physics is given in
ieringer et al. ( 2022 ). 
We find in agreement with these studies that generated images 

ndividually contain less information than real data. An additional 
est presented in Appendix D shows that the performance of a 
lassifier worsens if the amount of real training data is reduced 
nd replaced by generated data. Ho we ver, the statistical power of
he training set can be increased by the inclusion of generated 
ata. 
Here, we are able to show that adding generated images to the

raining data set does clearly impro v e the classifier performance on
 real data only test set for the FCN classifier, where the largest
mpro v ement of (17.5 ± 4.7) per cent o v er the baseline set-up is
eached for λ = 2, meaning a training data set consisting of all real
mages plus twice as many generated images. Additionally, similar 
mpro v ements are seen for all other λ values that have been tested. 

For the considerably more complex CNN classifier, the im- 
ro v ement is not so consistent and already the baseline per-
ormance is far better than even the enhanced performance of 
he FCN classifier. Ho we ver, we do obtain a maximal impro v e-
ent of (3.0 ± 1.8) per cent for λ = 3, which also represents

he o v erall highest accurac y for an y of the set-ups inv estigated
ere. 
Finally, for the most complex classifier architecture, the ViT, we 

re not able to show a conclusive improvement of the classifier
erformance, so that we might expect a dependency of the ability 
f generated images to add useful information to the training 
ata set on the baseline performance (often connected to the 
omplexity) of the classifier in question. A na ̈ıve interpretation 
ould be that the better performing architectures are simply more 
ensiti ve to e ven small differences between the real and generated
mages. Additionally, the robustness of the ViT might be an issue
ecause it was pre-trained with natural images and only fine- 
uned with radio galaxy images due to the limited data sample 
ize. 

Further, we considered a three-class classification problem with 
xtended sources only. We found that the o v erall accurac y is reduced
s compact sources are easier to classify . More importantly , the
ignificance of the impro v ement by including generated images in 
he training is not enhanced as the variations in the cross-validation 
end to increase as well. 

The best o v erall accurac y is obtained by using the CNN and
GAN augmented training data, but only by a small margin. 
et, we have shown that wGAN augmentation works in principle 

similar to the goal in Butter et al. 2021 , as noted abo v e) and
an significantly impro v e a somewhat simpler algorithm. This can 
e useful for applications of classification algorithms in resource- 
onstrained environments, i.e. disk-space and inference time 
estrictions. 

Our generative model is able to generate large sets of radio galaxy
mages of different morphologies very quickly. A batch of 100 images 
an be generated on a NVIDIA V100 GPU in ∼0 . 1 s and in ∼4 . 5 s
n CPU. Therefore, our wGAN can play an important role in the
imulation and analysis of large radio surv e ys. Future work involving
uch larger training sets from the LOFAR telescope will explore this

urther. Moreo v er, wGAN-generated images can be used to validate 
ew interferometric machine-learning algorithms (see e.g. Schmidt 
t al. 2022 ). To this end, we provide the model and weights with
ocumentation at https://github.com/floriangr iese/wGAN-suppor te 
-augmentation . 
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Figure A1. Real examples for each class. 
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Figure A2. Generated examples for each class. 
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PPEN D IX  B:  CLASSIFIER  A R C H I T E C T U R E S  

etailed information about the architecture of the implemented 
odels is given in this appendix. The structure and the corresponding 

umber of parameters for the critic of the wGAN is given in
able B1. Parameters of the wGAN critic. 

ayer Name Kernel size Stride Input channe

 Conv1 4 × 4 2 1 
 Conv2 4 × 4 2 4 
 Conv3 4 × 4 2 64 
 Conv4 4 × 4 2 64 
 Conv5 4 × 4 2 256 
 Conv6 4 × 4 2 512 
 Conv7 4 × 4 1 1024 

otal parameters: 

able B2. Parameters of the wGAN generator. 

ayer Name Kernel size Stride Input channe

 ConvT1 4 × 4 1 100 
 ConvT2 4 × 4 1 4 
 ConvT3 4 × 4 2 1024 
 ConvT4 4 × 4 2 512 
 ConvT5 4 × 4 2 256 
 ConvT6 4 × 4 2 128 
 ConvT7 4 × 4 2 64 

otal parameters: 

able B3. Parameters of the CNN classifier. 

ayer Name Kernel size Stride Input

 Conv1 3 × 3 2 
 Conv2 3 × 3 2 
 Conv3 3 × 3 2 
 Conv4 3 × 3 2 
 Conv5 2 × 2 1 
 Fully connected 1 7 ×
 Fully connected 2 
 Softmax 

otal parameters: 

Table B4. Parameters of the FCN classifier. 

Layer Name Input chann

1 Fully connected 1 128 × 128
2 Fully connected 2 250 
3 Fully connected 3 250 
4 Fully connected 4 250 
5 Fully connected 5 250 
6 Softmax 
Total parameters: 

Table B5. Hyperparameters of the trainings. 

Batch size Learning rate Optimizer 

wGAN 400 0.0001 Adam 

Classifier (FCN & CNN) 250 0.001 Adam 

ViT 32 0.03 SGD 
able B1 , and for the generator in Table B2 . Detailed information
bout the CNN is given in Table B3 and for the FCN in Table B4 . In
able B5 , we summarize the hyperparameters of all model trainings
e conducted for this study. 
RASTAI 2, 264–277 (2023) 

ls Depth Acti v ation Regularizer Parameters 

32 Leaky ReLU Layer norm 512 
32 Leaky ReLU Layer norm 2048 
128 Leaky ReLU Layer norm 133 120 
256 Leaky ReLU Layer norm 524 800 
512 Leaky ReLU Layer norm 2097 280 

1024 Leaky ReLU Layer norm 8388 640 
1 – – 16 384 

11 162 784 

ls Depth Acti v ation Regularizer Parameters 

512 ReLU Batch norm 820 224 
512 ReLU Batch norm 33 792 
512 ReLU Batch norm 8389 632 
256 ReLU Batch norm 2097 664 
128 ReLU Batch norm 524 544 
64 ReLU Batch norm 131 200 
1 – – 1024 

11 998 080 

 channels Depth Acti v ation Regularizer Parameters 

1 8 Leaky ReLU Layer norm 8264 
8 16 Leaky ReLU Layer norm 3200 
16 32 Leaky ReLU Layer norm 5120 
32 32 Leaky ReLU Layer norm 9344 
32 16 Leaky ReLU – 2048 
7 × 16 100 Leaky ReLU – 78 500 

100 4 ReLU – 404 

106 880 

els Depth Acti v ation Parameters 

 250 Leaky ReLU 4096 250 
250 Leaky ReLU 62 750 
250 Leaky ReLU 62 750 
250 Leaky ReLU 62 750 
4 1004 

4285 504 

β1 β2 Momentum Training time Iterations 

0 0.9 – ≈7 h 40 000 
0.9 0.999 – 72 h ≈300 000 
– – 0.9 ≈8 h 10 000 
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PPENDIX  C :  CLASS-WISE  P E R F O R M A N C E  

n this section, we demonstrate the performance per class of the
lassifiers studied in Section 5 . In particular, we show the class-wise
recision in Fig. C1 , recall in Fig. C2 , and F 1 score in Fig. C3 . 
ASTAI 2, 264–277 (2023) 

igure C1. Precision for each class on the test data set for the three 
ifferent classifier architectures for different training scenarios. The markers 
uncertainty bars) represent the mean (standard deviation) of the obtained 
esults o v er all cross-validation folds for the classically + wGAN augmented 
raining data sets. 

Figure C2. Recall for each class on the test data set for the three different 
classifier architectures for different training scenarios. 
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APPENDI X  D :  A D D I T I O NA L  TEST  

Here, we present an additional test to compare the information 
content of real and generated images during classifier training. The 
classifier architecture for this test is the CNN introduced in Table B3 . 
We train the CNN on different compositions of the original training 
set and a batch of generated images of the same size. We observe 
that the classifier performance worsens gradually as we remo v e real 
images and add generated images to keep the size of the training 
set fixed (see Fig. D1 ). From this experiment we can confidently 
conclude that the generated images are less informative compared 
to real images. Note, that we had to exclude some runs with low 

amount of real data due to the inability to classify the compact 
sources correctly along with the extended sources. 

Figure D1. Accuracy on the test set achieved by the best CNN model trained 
on combined, i.e. generated + real, data sets with varying fractions of real 
images. The o v erall number of images in the training set corresponds to the 
full real-only training set and class imbalance is kept. Classical augmentation 
is used on both types of images during training. 
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igure C3. F 1 score for each class on the test data set for the three different
lassifier architectures for different training scenarios. 
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