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ABSTRACT

Context. The incomplete coverage of the spatial Fourier space, which leads to imaging artifacts, has been troubling radio interferome-
try for a long time. The currently best technique is to create an image for which the visibility data are Fourier-transformed and to clean
the systematic effects originating from incomplete data in Fourier space. We have shown previously how super-resolution methods
based on convolutional neural networks can reconstruct sparse visibility data.
Aims. The training data in our previous work were not very realistic. The aim of this work is to build a whole simulation chain for
realistic radio sources that then leads to an improved neural net for the reconstruction of missing visibilities. This method offers con-
siderable improvements in terms of speed, automatization, and reproducibility over the standard techniques.
Methods. We generated large amounts of training data by creating images of radio galaxies with a generative adversarial network that
was trained on radio survey data. Then, we applied the radio interferometer measurement equation in order to simulate the measure-
ment process of a radio interferometer.
Results. We show that our neural network can faithfully reconstruct images of realistic radio galaxies. The reconstructed images
agree well with the original images in terms of the source area, integrated flux density, peak flux density, and the multiscale structural
similarity index. Finally, we show that the neural net can be adapted for estimating the uncertainties in the imaging process.

Key words. galaxies: active – radio continuum: galaxies – methods: data analysis – techniques: image processing –
techniques: interferometric

1. Introduction

In modern astronomy, radio interferometry plays a unique role
because it acquires the highest resolutions of astrophysical
sources. This resolution comes at the cost of low data cover-
age, which generates artifacts in the resulting source images.
Therefore, the cleaning of these artifacts is an unavoidable
data-processing task for radio interferometric data.

The currently best-working radio interferometers, such as
the LOw-Frequency ARray (LOFAR; van Haarlem et al. 2013),
record terabytes of data per day. This high data rate is expected
to increase substantially for the Square Kilometre Array (SKA;
Grainge et al. 2017). In order to analyze the large amounts of
data on reasonable timescales, existing analysis strategies must
be adapted. Here, machine-learning techniques are a promising
way to speed up and simplify existing imaging pipelines. Espe-
cially deep learning, which is known for its fast execution times
on image data, can accelerate the analysis of large data volumes.

In recent months, an increasing number of deep-learning
techniques have been applied to radio interferometer data. Appli-
cation examples include source detection techniques for three-
dimensional Atacama Large Millimeter/submillimeter Array
(ALMA) data (Delli Veneri et al. 2022) and the resolution

improvements of the Event Horizon Telescope (EHT) image of
the black hole in M87 using principal-component interferometric
modeling (PRIMO; Medeiros et al. 2023).

We have developed a deep-learning-based imaging approach
for radio interferometric data published as the Python pack-
age radionets (Schmidt et al. 2023). Our imaging approach
uses convolutional neural networks known from super-resolution
applications (Ledig et al. 2016) to reconstruct missing visibil-
ity data from sparse radio interferometer layouts. Consequently,
our deep-learning approach is no classical cleaning, as applied
in the CLEAN algorithm (Clark 1980). Instead, we perform
the data reconstruction directly in Fourier space. The results
presented in this paper build on our previous work (Schmidt
et al. 2022). Here, we describe a new method for simulating
images with generative adversarial networks (GANs), introduce
an enhanced radio interferometer simulation chain based on
the radio interferometer measurement equation (RIME), and
improve diagnostics.

Figure 1 provides an overview of all parts of our analy-
sis chain. The training of deep-learning models requires large
amounts of training data, which we provide by simulating radio
galaxies in image space. We use the GAN that was developed and
trained by Kummer et al. (2022); Rustige et al. (2023) to create
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Table 1. Observation parameters we applied to simulate the data sets.

Sampling option Value

Image size 128 px
FOV center ra [100◦, 110◦]
FOV center dec [30◦, 40◦]
FOV size 350
Corr. int. time 30 s
Scans 2
Scan separation 360 s
Base frequency 1.365 GHz
Bandwidths 3 MHz
# Bandwidths 4
Channel offset 64 MHz

Notes. When multiple values are specified, these values serve as bounds
of random values that are drawn within these bounds.

An additional corruption effect that occurs during radio
interferometer observations results from the system noise. This
noise effect changes when different bandwidths or correlator
accumulation times are used. The noise originating from a
specific measurement process is Gaussian distributed with a
standard deviation that is defined by

∆S =
1

ηs

S SE√
2∆ν τacc

. (5)

Here, ηs is the system efficiency factor, ∆ν corresponds to the
observation bandwidth, τacc is the correlator accumulation time,
and S SE denotes the system equivalent flux density (Taylor et al.
1999). Values for ∆ν and τacc were taken from Table 1, while
ηs = 0.93 and S SE = 420 Jy were taken from the VLA speci-
fications NRAO (2023). The noise drawn in this way, which is
about 10 mJy, was added to the real and the imaginary part of the
simulated visibilities. This noise-handling technique enables the
simulation of observed radio galaxies with different signal-to-
noise ratios depending on the peak flux densities of the simulated
radio galaxies.

Finally, the visibilities were saved to FITS files together with
the meta data of the simulated observations. We used our imple-
mentation of a FITS writer, which follows the specifications in
AIPS Memo 1171. Saving the simulations in this way means that
they can be read and interpreted by established imaging tools
such as CASA (The CASA Team et al. 2022) and WSCLEAN
(Offringa et al. 2014).

Both established imaging software and our deep-learning-
based approach require input data on a regular grid or two-
dimensional image data. Therefore, the simulated visibilities
have to be gridded. In the context of the RIME simulations, we
implemented our own gridder, which is slightly different from
the established approach. As with the gridder implemented in
WSCLEAN, the grid can be defined with the help of the selected
pixel size and number of pixels. Our implementation then does
not perform a convolutional gridding, as WSCLEAN does, but we
apply a two-dimensional histogram to grid the visibilities. In
this work, we chose a pixel size 1.56′′ and an image size of
128 px × 128 px, which corresponds to a field of view of 200′′.

We have published our simulation routine as an open-source
Python package called pyvisgen (Schmidt et al. 2020). With
this RIME simulation framework, we built a flexible basis for

1 http://www.aips.nrao.edu/aipsmemo.html

future simulations of radio interferometer observations. Differ-
ent corruption effects can easily be added. Furthermore, our
method can readily be adapted for other radio interferometer
arrays by updating the interferometer characteristics and the
antenna positions.

4. Deep-learning-based imaging

We imaged the radio interferometer data using deep-learning
techniques available inside the Python package radionets
(Schmidt et al. 2023). Our approach differs from the conven-
tional CLEAN algorithm (Clark 1980) in that we reconstruct
missing information directly in Fourier space. In the reconstruc-
tion process, no iterative source model is formed. Consequently,
no convolution with the clean beam of the observation is
necessary.

The missing data in Fourier space are reconstructed by the
trained deep-learning model. The model exploits the data that
were recorded during an observation and uses the information
they contain to estimate values for missing pixels with the help of
convolutional layers (Goodfellow et al. 2016). We described the
underlying method in our previous publication (Schmidt et al.
2022). In the following, we discuss the changes we made for the
simulated FIRST data.

4.1. Model definition

Our imaging architecture was based on residual blocks
(He et al. 2015; Gross & Wilber 2016) integrated into a
SRResNet architecture known from super-resolution problems
(Ledig et al. 2016). A detailed model description can be found
in Schmidt et al. (2022). We kept the original architecture, but
increased the number of residual blocks to 16 because as the
complexity of the input images increases, as described in the
previous sections, the depth and complexity of the network must
also increase in order to obtain meaningful reconstructions.

4.2. Model training

Because our deep-learning-based imaging is performed directly
in Fourier space, the deep-learning model was trained in Fourier
space as well. The simulated visibilities, described in Sect. 3,
were used as input. During the training process, the model
learned to reconstruct missing information and generated com-
plete real and imaginary maps as output. Figure 4 gives an
overview of this training routine.

To train the model, we used a data set consisting of 70 000
real and imaginary images. 50 000 of these images were used to
train the neural network. An additional 10 000 validation maps
helped us to check for overtraining. In Sect. 5, the remaining
10 000 images are used to evaluate the trained model. In one
training epoch, all training and validation maps were passed
through the network. The loss function that quantifies the dif-
ference between the network prediction and the simulated truth
was chosen to be a split L1 loss (6), which is defined as

Loss = L1 (xreal, yreal) + L1
(

ximag, yimag

)

, (6)

with L1(x, y) = | x − y | , (7)

where x is the predicted output from the network, and y is the
true distribution.

We used the ADAM optimizer (Kingma & Ba 2014) to
update the weights during training, which outperformed the
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Fig. 6. Exemplary reconstruction in Fourier space for the deep-learning-based cleaning approach. We show the prediction (left), the true distribu-
tion (middle), and the difference between the two (right). Results are shown for the real (top) and imaginary (bottom) part.
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Fig. 7. Image space reconstruction for the deep-learning-based cleaning approach. We show the predicted source distribution (left), the simulated
source distribution (middle), and the difference between the two (right). The real and imaginary visibility maps used for the inverse Fourier
transformation are those shown in Fig. 6.

Table 2. Overview of the parameter settings used to create the clean
images using WSCLEAN.

Parameter Setting

Size 128 px
Scale 1.56 asec
Mgain 0.8
Gain 0.01
Niter 1 000 000
Auto-mask 3
Autothresh 1
Weight Uniform

The corresponding source distributions in image space are
shown in Fig. 7. In particular, we show the deep-learning-based

source reconstruction, the simulated source distribution, and
their difference. The mean values of the differences are an order
of magnitude lower than the peak flux densities, meaning that
simulation and prediction differ only slightly. Figure 8 shows
the reconstruction for the same source using WSCLEAN. The
comparison between the reconstructed and the simulated source
distribution reveals a smeared-out source structure in the case of
WSCLEAN. This smearing results from the convolution with the
restoring beam inside the cleaning routine of WSCLEAN.

To test the model performance, we evaluated more than
one image. To this end, we developed three diagnostic methods
that focus on different aspects of a complete source reconstruc-
tion. We also used an existing evaluation metric, the multiscale
structural similarity index measure (MS-SSIM), to compare the
similarity between reconstructed and simulate source images.
All four evaluation methods were applied to a distinctive test data
set containing 10 000 images. The test images were the same for
the radionets and the WSCLEAN evaluation.
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Processing this information inside the deep-learning model has
the potential to significantly improve and speed up the recon-
struction of data cubes.

Furthermore, the reconstruction can be improved even more
by enhancing the gridder. Currently, our gridder creates a sim-
ple two-dimensional histogram, as explained in Sect. 3. This
approach is different from established gridders, which use con-
volutional gridding to facilitate subsequent imaging. Especially
in connection with the large fields of view of modern sky
surveys, wide-field gridding methods will also be relevant for
imaging with deep-learning techniques.

7. Conclusions

We have focused on improving the training data for our neu-
ral network. To this end, we produced realistic radio galaxy
simulations and modeled the measurement process of a radio
interferometer.

Our image simulation was based on the GAN developed in
Kummer et al. (2022); Rustige et al. (2023). The GAN can pro-
duce an arbitrary number of realistic images of radio galaxies
that resemble images from the FIRST survey.

These radio sources were then used as input for the RIME
formalism presented in Sect. 3. We considered the phase delay
and the antenna characteristics for the simulation process and
also smeared the simulated measurement with noise originat-
ing from the measurement process. Various parameters for a
real measurement were also taken into account, such as the
coordinates of the center of the FOV randomly, as shown in
Table 1.

The GAN-generated radio galaxies were processed through
the RIME framework and then used as input for our neural net-
work. The main neural network was the same as in Schmidt
et al. (2022) with small adjustments, such as twice the num-
ber of residual blocks. The training process ran smoothly, as
shown in Fig. 5, and produced reconstructions that matched the
corresponding simulated sky simulation very well, as shown in
Fig. 6.

To generalize the performance of the trained model, we
evaluated the sources in image space using three methods that
compared area, peak flux density, and integrated flux density.
This was supplemented by a method adopted from the field
of computer vision, which is called MS-SSIM. Each of these
methods was applied to 10 000 reconstructions from radionets
and from WSCLEAN. The results are shown in Fig. 9 to Fig. 12.
While for the ratio of integrated flux densities, radionets and
WSCLEAN performed equally well, WSCLEAN overestimated and
underestimated the areas and the MS-SSIM, respectively. The
results for the peak flux densities for both methods varied widely
due to resolution differences, as shown in the comparison of
the right images in Figs. 7 and 8. Overall, radionets was
able to reconstruct far more complex source structures than in
our previous paper and needed only minor adjustments. It also
performed at least as well as WSCLEAN for the main source
properties. However, due to non-correctable beam-smearing
effects and different effective resolutions, the comparison is not
entirely fair.

Then, we divided the results according to their S/N. The
expectation was that for images with a high S/N, the mean and
standard deviations of our diagnostic methods would be closer to
their respective optimal values than for images with a lower S/N.
This applies to both radionets and WSCLEAN. Figures 13–16
show that this expectation holds in almost every case, except

for the peak flux densities, for which the results are very simi-
lar for every S/N except for S/N 10. Thus, our network is robust
and able to reconstruct complex structures even though the S/N
is rather low.

To summarize, we improved our simulations with two key
features: (i) the GAN-generated radio galaxy images, and (ii) the
simulation of an interferometer measurement using RIME. With
these two developments, we are able to train our network with
more realistic data. As a result, the network is able to recon-
struct the sources with similar accuracy as WSCLEAN, despite the
increased complexity of the sources. Finally, the evaluation met-
rics suggest a better performance than the model in Schmidt et al.
(2022). The two frameworks, pyvisgen (Schmidt et al. 2020) for
the simulation part and radionets (Schmidt et al. 2023) for the
model training, are available on GitHub.

Finally, we give an outlook on future features of our deep-
learning-based approach. We focus on estimating the recon-
struction error, as outlined in Fig. 17, by extending the neural
network such that it computes uncertainties as well as visi-
bility reconstructions. The second goal is the application of
our deep-learning-based imaging approach to actual observa-
tion data. In the future, we will focus on the minimization of
data-simulation mismatches to train deep-learning models that
are suitable for reconstructing survey data of large parts of
the sky.
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Appendix A: Software and packages

We used PyTorch (Paszke et al. 2019) as the fundamental deep-learning framework. It was chosen because of its flexibility and
the ability to directly develop algorithms in the programming language Python (Python Software Foundation 20202). In addition
to PyTorch, we used the deep-learning library fast.ai (Howard et al. 2018), which supplies high-level components to build
customized deep-learning algorithms in a quick and efficient way. For simulations and data analysis, the Python packages NumPy
(Oliphant 2006), Astropy (Astropy Collaboration 2013, 2018), Cartopy (Met Office 2011–20183), scikit-image (Van der Walt
et al. 2014), and Pandas (McKinney et al. 2010) were used. The results were illustrated using the plotting package Matplotlib
(Hunter 2007). A full list of the packages and our developed open-source radionets framework can be found on github4. More
information about our developed open-source simulation framework pyvisgen can be found in the git repository5.

2 https://www.python.org/
3 https://scitools.org.uk/cartopy/docs/latest/
4 https://github.com/radionets-project/radionets
5 https://github.com/radionets-project/pyvisgen
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Appendix B: Gaussian smoothing of GAN-generated radio galaxies

σ = 0 σ = 0.5

σ = 0.75 σ = 1

0.0 0.2 0.4 0.6 0.8 1.0

Specific Intensity / a.u.

Fig. B.1. Effect of a Gaussian filter on the GAN-generated sources. We decided to use a smoothing of σ = 0.75 px due to the best effect without
creating false point sources, as visible for σ = 1 px.

Appendix C: Phase versus imaginary part
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Fig. C.1. Fourier-transformed source with the corresponding phase part (left) and imaginary part (right). The structures in the center of the images
are very similar, but the edges differ, especially in terms of intensity.
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Appendix D: Computer setup

Table D.1. Computer specifications for the setup used in the training process

Part Specification Value

GPU Nvidia DGX A100 8 GB
CPU AMD Rome 64 Cores @ 3.35 GHz

Hard drive SSD 512 GB

Appendix E: Antenna positions in VLA B-configuration

Table E.1. Overview of the antenna positions of the VLA used for the RIME in the Earth-centered coordinate system. The positions correspond to
the B-configuration of the VLA used for the FIRST observations.

Station Name X / m Y / m Z / m

W32 1640.03 −4329.93 −2416.71
N24 −1660.49 −259.40 2454.42
W20 733.35 −1932.98 −1078.11
E24 765.21 2889.45 −1108.88
N32 −2629.09 −410.65 3885.60
E36 1534.56 5793.91 −2223.48
N16 −801.40 −124.97 1182.12
W8 152.76 −401.27 −223.40
W28 1316.45 −3443.31 −1913.53
W12 306.17 −804.58 −448.08
W36 2000.07 −5299.80 −2962.89
N28 −2091.44 −326.59 3089.41
E32 1253.25 4733.62 −1816.91
N36 −3217.58 −502.67 4756.12
E28 998.67 3764.31 −1443.47
N4 −74.82 −11.76 111.63
E4 35.60 133.65 −51.10
W4 46.92 −122.02 −67.61
W16 499.84 −1318.00 −735.21
N8 −243.60 −38.05 360.04
E16 376.99 1440.99 −556.13
E8 114.43 438.69 −169.49
E20 560.10 2113.27 −810.70
E12 229.47 879.60 −339.87
N20 −1174.34 −183.30 1734.24
N12 −489.31 −76.31 721.52
W24 1005.43 −2642.99 −1472.20
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Fig. F.2. Visualization of Jones E(l,m), which represents the telescope beam effects.

Appendix G: Summary of the results of the evaluation methods

Table G.1. Results of the evaluation methods for data sets with different S/Ns reconstructed with radionets

S/N Area Peak fluxes Integrated fluxes MS-SSIM

0-10 0.945 ± 0.146 1.002 ± 0.106 0.936 ± 0.107 0.998 ± 0.005
10-20 0.950 ± 0.095 0.994 ± 0.068 0.958 ± 0.057 0.999 ± 0.002
20-30 0.974 ± 0.085 0.997 ± 0.065 0.978 ± 0.040 0.999 ± 0.001
30-40 0.980 ± 0.072 1.000 ± 0.066 0.988 ± 0.029 1.000 ± 0.001
40-50 0.981 ± 0.070 1.001 ± 0.069 0.990 ± 0.030 1.000 ± 0.001
50-60 0.987 ± 0.075 0.997 ± 0.072 0.990 ± 0.028 1.000
> 60 0.988 ± 0.054 1.000 ± 0.068 0.993 ± 0.026 1.000

Table G.2. Results of the evaluation methods for data sets with different S/Ns reconstructed with WSCLEAN

S/N Area Peak fluxes Integrated fluxes MS-SSIM

0-10 1.378 ± 0.413 0.479 ± 0.068 0.907 ± 0.105 0.822 ± 0.084
10-20 1.242 ± 0.345 0.468 ± 0.057 0.952 ± 0.082 0.881 ± 0.054
20-30 1.229 ± 0.329 0.481 ± 0.058 0.981 ± 0.057 0.919 ± 0.041
30-40 1.189 ± 0.285 0.488 ± 0.058 0.988 ± 0.045 0.938 ± 0.033
40-50 1.169 ± 0.267 0.499 ± 0.057 0.990 ± 0.038 0.949 ± 0.030
50-60 1.169 ± 0.281 0.493 ± 0.055 0.992 ± 0.035 0.955 ± 0.027
> 60 1.063 ± 0.196 0.483 ± 0.058 1.008 ± 0.038 0.964 ± 0.021
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Appendix H: Signal-to-noise ratios
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Fig. H.1. Overview of the S/Ns of the sources inside the test data set. The majority of the sources have an S/N between 10 and 40.
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Fig. H.2. WSCLEAN results for simulations with different S/Ns. A dirty image (left), clean image (middle), and remaining residual (right) are shown
for an S/N of 5 (top), 35 (middle), and 70 (bottom).
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