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Abstract—The rapid growth of astronomical data in recent
years has prompted interest in building generative models of
cosmological images. This paper focuses on 2 related tasks in this
area: 1) generating realistic images and 2) scoring how realistic
an image is. We begin by formalizing the structure of the images
in terms of galaxies and their properties, and show that simplistic
baselines are not sufficient for both tasks. We then present a novel
generative approach consisting of a two-stage sampling generative
adversarial neural network (GAN), capturing the position of
cosmological objects and their representation separately, which
produces diverse and realistic looking images. Furthermore, we
develop an accurate scoring method based on Power Spectrum
features. Using this scoring method we empirically show that
our two-stage generative model significantly outperforms both
the baselines and a standard GAN approach. Finally, we provide
experiments towards understanding of the most important factors
in our model.

I. INTRODUCTION

With the rapidly growing quantity of astronomical images
[1] [2] [3], there has been an increasing interest in using
machine learning for tasks such as galaxy processing, clas-
sification, segmentation, deblending and building generative
models of cosmological images and objects. In this work, we
are given a dataset of cosmological images with which we
tackle two related tasks: 1) generation of realistic images, 2)
scoring how realistic an image is.

Having an accurate but very complex generative model
of galaxy images can help astronomers derive more inter-
pretable factors describing the structure of the Cosmos [4].
Furthermore, synthetic data is necessary for training models
to perform a wide range of processing tasks on these images
[5] [6]. As for the second task, a good scoring model can be
used to automatically detect noisy and corrupted images, and
to quantitatively evaluate generative models.

This generative task is particularly difficult, because the
factors controlling the formation and properties of stars and
galaxies are complex and currently not well understood. A
complete generative model would be required to capture
aspects ranging from large-scale galaxy formation priors to
individual galaxy properties and optical artefacts of the imag-
ing system [7].

The current approaches in the related literature focus on
modelling individual galaxies and stars, or modelling im-
ages densely populated with cosmological objects. Certain
works attempt to model the images using hard-coded domain
knowledge [6] [8]. Alternatively, approaches employing deep
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learning generative models, such as GANs [9] [10] [11] and
VAEs [12] have been gaining popularity in research.
Similarly to these works, we attempt to build a completely
machine-learning-based generative model, without relying on
expert knowledge in astronomy. However, the nature of our
data is slightly different than that of previous papers. To the
best of our knowledge, this is the first work that models sparse
cosmological images, where the cosmological objects are rare
and with a very small resolution. Our main contributions are:

e An analysis and breakdown of the most important factors
in the images.

« Baseline models: intuitive and decently performing base-
lines for both tasks.

o Generative model: a two stage sampling model where
we break down the task into generating the location of
galaxies in the image, followed by generating individual
galaxies. We leverage a separate GAN for each of these
tasks and produce realistic images, both qualitatively and
quantitatively.

e Scoring model: a Fourier transform based model that
scores how realistic images are with high accuracy.

II. MODELS AND METHODS
A. Modelling of the problem

On a high level, the images in our dataset are of a high res-
olution (1000x1000 pixels), but most of the image represents
a constant dark background populated with a number of very
distant, and hence tiny, celestial objects.

Background: in all real images, the background is of an
almost fixed intensity of less than 3. In 80% of the images,
the background intensity is strictly 0. In the other 20%, the
background is of intensity of 1 or 2. Our hypothesis is that the
second mode of the data is an optical artifact. For the rest of
this work, we will focus on modelling images with background
of intensity 0, and we assume the other mode of the data can
be modelled analogously.

Objects: we consider any non-black cluster of pixels a
galaxy. Visually, a galaxy is defined by 4 main properties:
location in the image, size, intensity and shape.

B. Generative models

1) Baselines: We built 2 intuitive baselines used as a
benchmark for the difficulty of the problem. Both of them
make the simplifying assumption that the galaxies’ properties
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Fig. 1: Equation representing the unconditional sampling
model, where 1 stands for galaxy location and g for galaxy

are mutually independent. Furthermore, both baselines model
the position of a galaxy simply as a uniform distribution over
the pixels, and given the intensity and the size, the shape of
the galaxy is a fixed diamond-like shape. The first baseline
is a naive approach where the size and intensity of a galaxy
are simply sampled from a normal distribution. The second
baseline is informed by the actual statistics of the data, and
introduces 2 improvements. Firstly, the size and intensity of
galaxies are sampled from a geometric distribution, to match
the insight that most galaxies are small and faint. Secondly, it
models large and small galaxies separately, in an attempt to
indirectly and partially capture the mutual interaction of sizes
and intensities between galaxies.

2) End-to-end GAN: As a first attempt of a fully data driven
solution, we attempted to model the galaxy images using a
GAN. GANSs are unsupervised implicit generative models that
have been shown to be able to model very complex distribu-
tions and produce realistic images in numerous domains. [13].

In theory, this method should be able to model all the
dependencies between the features of the galaxies present in
the image.

3) Two-stage sampling GAN: Since a traditional GAN
seemed to struggle to capture full galaxy images, we moved
to a two stage approach: a first stage where we sample the
positions of galaxies, followed by a second part where we
sample a galaxy at each location.

Our motivation for this approach is the fact that there are
very strong priors on the structure of the images, and with
an end-to-end GAN we’re unnecessarily forcing the network
to learn these from scratch. Firstly, we know that most of
the image is a completely black background. Thus, it is
unnecessary to model the entire image, when most of it carries
no information. Secondly, we know that the objects in the
image follow the same distribution, a trait not present in
traditional image generation. Furthermore, we know from prior
works [10] that GANs have been able to successfully model
individual galaxy images at smaller scales (32x32 to 64x64).

Unconditional GAN: There are two stages to the process,
illustrated in Fig. 2:

1) Position sampling: For each image in our dataset, we
divide it into a 32x32 grid. Cells in this grid with
galaxies are marked with a 1, and those without are
marked with a 0. The first GAN, which we will refer to
as the position GAN, learns these as 32x32 images, and
is able to output such a grid representing the locations
of galaxies in the image.

2) Galaxy sampling: we use a second GAN, which we will
call the galaxy GAN, to generate images of individual
galaxies. The training data is made up of extracted 32x32

Fig. 2: The position GAN generates a grid, and the galaxy
GAN produces the necessary galaxies. A generated galaxy is
placed wherever a cell is 1, and Os wherever it is 0.
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Fig. 3: Equation representing the conditional sampling model,
where 1 stands for galaxy location, s for galaxy size class and
g for galaxy

galaxy patches from our original dataset. Specifically, we
found success with the BEGAN [14] architecture.

There are 2 assumptions present in this model, and captured
through Fig.1. The first one is that a galaxy’s features are
independent from its location. Thus, galaxies are placed at
locations in the order they are sampled. The second assumption
is that there is no mutual dependence between each galaxy
present in an image, other than their location. While this
assumption is more clearly flawed (an image with only very
large and bright galaxies would not look very realistic), it
allows us to greatly simplify the training and generation
process.

Intuitively, the position GAN captures global features of
the image. More concretely, it models the joint distribution
of galaxy positions. The galaxy GAN captures the galaxy
property (shape, size and intensity) priors. A parallel can
be drawn between this method and progressive GANs [15],
where the layers in the network are gradually added throughout
the training process. This shares the same intuition, learning
coarser image features first and gradually incorporating finer
details. We take this and make it completely explicit with our
division into 2 separate networks.

Conditional GAN: In our final approach, we also model
the dependencies between the properties of different galaxies,
in addition to their location, as described by Fig. 3. Further-
more, this method provides us with explicit control over the
properties we identified in the introduction.

We do this by transforming the galaxy GAN into a con-
ditional GAN [16]. We use the size of the galaxy as the
conditioning property because we observe that it is correlated
with both the intensity and the shape. We heuristically define
size thresholds that allow us to assign a class to each galaxy
in the dataset.

The position GAN now produces a class label for each
position, which defines the type of galaxy present there. The
galaxy CGAN then takes this label as an additional input.



This method allows for a good amount of control in the
images produced, enabling the position GAN to capture the
aforementioned dependencies between properties of galaxies,
and the galaxy CGAN to use this information, while still
producing diverse galaxies within the different classes.

C. Scoring models

This section presents various classes of features considered
for the scoring task. For each set of features (except the CNN),
we trained a random forest and a gradient boosting model.

1) Baseline 1 - Simple galaxy features: In this model, we
manually engineer features based on basic galaxy properties.
More specifically, the features represent common statistics of
the size, intensity and coordinates of the galaxies in the image.
Additionally, we attempt to capture interactions between the
properties, with features such as the the number of galaxies
which are both “large” and “bright”.

2) Baseline 2 - CNN: This second baseline was developed
in two phases. We firstly tried to apply a small CNN with
only 3 convolutional layers and maxpooling, where images
are resized to 150x150 pixels. Later, we drastically increased
the size of the network, going for a ResNet50 [17] architecture
and making use of transfer learning with a model trained on
ImageNet.

3) Histogram: The histogram is a 256 feature vector rep-
resenting distribution of pixel intensities in the image. The
intuition behind this choice of features is to capture the high
contrast between background and galaxies in real images.

4) HOG and LBP: The histogram of gradients [18] and
local binary patterns [19] are features that complement each
other, which is why they are frequently used together [20].
The main advantage of HOG and LBP, compared to a his-
togram, is that the attribute extraction is performed on pixels’
neighbourhood, providing a local characteristic.

5) Frequency Spectrum: The Fourier transform decom-
poses the image into its sine and cosine components [21],
converting the image to frequency domain. Applying it on the
cosmological images results in a 1000x1000 representation,
each point describing the contribution the wave. We observed
that the 250th row contains a diverse mix of both low
frequency and high frequency data, so we used as features
its second half, due to its symmetry property.

6) Power Spectrum: The power spectrum [22] can be
derived from the Fourier representation of the image. We used
the azymuthally summed power spectrum representation of the
image, as a method to reduce the dimensionality of the data to
1D [23]. This is calculated by adding the values of the points
that are at the same distance from the center, thus providing
a radial profile. To reduce the amplitude of the discontinuities
in this dimension, we apply a windowing function to smooth
it.

III. RESULTS
A. Generative models

The dataset used to train the end-to-end GAN, as well the
two-stage models, was created by joining the images labeled
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Fig. 4: Comparison of features for images with different scores

TABLE I: Scoring models’ performance. Thicker lines sepa-
rate the different approaches. Top to bottom: baseline 1 (simple
galaxy features), baseline 2 (CNN), Histrogram + HOG + LBP,
Fourier-based.

Model Features Score (MAE)
XGBoost 3 basic features only 0.54360
XGBoost all individual properties 0.34519
XGBoost individual + interaction properties 0.34491

CNN (resnet50) - 0.31
CNN (basic) - 1.07
RF Histogram 0.30469
XGBoost Histogram 0.26923
RF Histogram + HOG + LBP 0.28677
RF Fourier Transform 0.32029
RF Power Spectrum 1D 0.12954
XGBoost Histogram + Power Spectrum 1D 0.09396

as real with images scored above 3. All models were trained
on a Tesla K80 GPU.

Fig. 6 in the appendix shows samples from each of our
methods compared to real images from the dataset. Images
from the GAN that was trained on full images are clearly
mode collapsing, with grid-like patterns.

For the rest of the methods, it is quite difficult to visually
distinguish the generated images from real ones, or even
determine how realistic they look. For a better comparison,
Fig. 5 shows only the small generated patches of cosmological
objects for each of these methods.

The results for both methods are very good. We see that the

Fig. 5: Galaxies generated by each of the methods. Row 1:
Real images; Row 2: Unconditional GAN; Row 3: Conditional
GAN, Class small; Row 4: Conditional GAN, Class medium;
Row 5: Conditional GAN, Class large. The galaxies are
sampled randomly from the latent space.




unconditional galaxy GAN is able to capture the diversity in
galaxies of the real images, while still producing high quality
samples.

TABLE II: Generative models’ performance

Model Mean Score | Train time | Execution Time
Real Images 1.93 - -
Baseline 1 0.60 - 6s
Baseline 2 0.89 - 13s
End-to-end GAN 0.85 40m 18s
Unconditional GAN 1.85 40m 10s
Conditional GAN 1.90 40m 6s

As for the galaxy CGAN, we can observe that it has learned
separate galaxy classes, as was our goal, producing small,
medium, and large galaxies, showing diversity in terms of
shape and intensity within each class.

For a more holistic evaluation, we turn to Table II, where
1000 images were generated per model and evaluated by the
best preforming scorer. While the baseline and end-to-end
GAN achieve very poor scores, confirming our qualitative
evaluation, both two-stage sampling methods achieve similarly
high scores. Somewhat surprisingly, we find only a very
marginal improvement in switching from the unconditional to
the conditional approach, a result which we discuss later. We
consider these quite satisfactory when compared to the scores
obtained by images from the labeled dataset, which serves as
an intuitive benchmark.

B. Scoring

The regressors are trained on a dataset of 9600 1000x1000
pixels scored images, with scores from O to 8, where higher
represents more realistic images. They are then evaluated on
a different set of images, and we use mean absolute error as
our evaluation metric. As we can see from Table II, manually
extracted features coupled with gradient boosting perform, by
far, the best; more notably the power spectrum features.

C. Experiments

The following experiments study the influential factors on
the score of an image for a two-stage model.

1) Random positions instead of position GAN: To eval-
uate the necessity of the position GAN, we compare its
performance with a model which assigns positions randomly.
Both methods result in similar performance in terms of
average score, even for CGAN. This could either mean that the
position GAN did not manage to learn the position distribution
properly, or that the position distribution is fundamentally
irrelevant to this problem.

2) Fixed positions, new galaxies: In this analysis, we
evaluate how the choice of galaxies influences the score.
More specifically, for a fixed position matrix we consider 50
different sets of galaxies to fill the positions. Repeating this
experiment for 1000 base position matrices, we find that the
distribution of scores varies significantly as we vary the sets
of galaxies. This result suggests that the interactions of the

properties between galaxies have a high impact on the
score, further motivating the need for a conditional model.

3) Fixed positions, shuffle patches: In this experiment, for
a fixed position matrix and a fixed set of galaxy patches, we
permute the galaxy-location pairings. The mean standard de-
viation of the score for 1000 images using 50 permutations is
0.09. The result shows that these permutations have little effect
on the score, leading to the conclusion that the properties of
a galaxy are independent of its location.

IV. DISCUSSION

Generative models: The generative baselines produce im-
ages with very low scores, which indicates that naively mod-
elling the galaxy property priors using generic probability
distributions is not sufficient to accurate model real images.

As for the end-to-end GAN, in addition to the weaknesses
that motivated our two-stage sampling approach, another pos-
sible factor for its poor performance could be the large reso-
lution of the images. This resulted in the need to downscale,
potentially occluding many galaxies.

Consequently, allowing the two-stage models to work with
full resolution galaxy patches, while disregarding the visually
unimportant low intensity portions of the image, contributes
to the detailed results they are able to produce.

Experiment 2 supports the need for our conditional model,
which can theoretically model all the dependencies between
galaxies. However, in practice, we only managed to get a small
improvement. This could indicate that our conditioning vari-
able should be improved. Indeed, the slight overlap between
adjacent classes shown in Fig. 5 further points to possible
improvements for future work, using data-driven rather than
manually engineered classes.

Scoring models: The hand-crafted features of baseline 1
are good at scoring fake images, but fail to accurately find
the score of real images. Attempting to engineer features for
galaxy interactions only marginally improves the score, which
demonstrates the need for more involved methods to capture
these nuances in real images. Power spectrum features are able
to automatically capture frequency-domain characteristics of
realistic cosmological images, which we empirically verify as
suitable for this task.

V. CONCLUSION

In this work, we develop and compare different methods
for cosmological image generation and scoring. We begin by
formalizing the structure of the images in terms of galaxies
and their properties, and show that simplistic baselines are not
sufficient for both tasks. Our main novelty, a two-stage GAN
model, produces outputs indistinguishable from real images.
We also develop an accurate image scoring method, based on
image power spectrum features, which we use to objectively
establish the realism of our generated images. Finally, we
present experiments that justify our methodology.
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APPENDIX

A. Final Galaxy Images

Fig. 6: Images generated by different methods compared with real images. Row 1: Real images; Row 2: Baseline model; Row
3: End-to-end GAN; Row 4: Unconditional GAN; Row 5: Conditional GAN.
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