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Abstract. Digital sky surveys can image many millions of extra-galactic objects.
While the majority of these objects are galaxies of known types, a small portion of
them have rarely or never seen before. These objects possess critical information about
the past, present, or future Universe. Since they are hidden inside very large databases,
finding them is impractical by manual analysis, and therefore automation is required.
Different approaches for automatic identification include model-driven and data-driven
approaches, and can be further separated into supervised and unsupervised machine
learning. Due to the extreme size of these databases, even a mild rate of false positives
will make the output unmanageable. Therefore, a practical solution to the detection
of peculiar objects must be able to control the false-positive rate, while also handling
artifacts or saturated images, which are common in digital sky surveys. The algorithms,
approaches, and examples of detected objects are described, with application to data
from DES, SDSS, and HST.

1. Introduction

Autonomous digital sky surveys have enabled the acquisition of large astronomical
databases, containing millions, and sometimes billions of celestial objects. Most of
these objects are of known types. But in databases containing many millions of objects,
it can be assumed that many of these objects are rare or novel to science. Hidden among
a very large number of “regular” objects, the only practical way of finding these objects
is by applying automation.

In the pre-information era, catalogs of peculiar galaxies were collected manually.
An example of such catalog is the Atlas of Peculiar Galaxies (Arp and Madore 1975).
That catalog enabled numerous studies, but it required over a decade of work to com-
pile. Digital sky surveys collect a large number of galaxy images, but while they make
the data easily accessible, identifying these objects among millions of “regular” objects
is a challenging task.

Some previous work was based on manual browsing through the image data (Kavi-
raj 2010). That also included catalogs of known but rare objects such as collisional
ring galaxies (Madore et al. 2009), or other ring galaxies (Finkelman et al. 2012; Buta
2017). Algorithms based on machine learning were also proposed and applied to de-
tect galaxy mergers (Margalef-Bentabol et al. 2020), peculiar galaxy pairs (Shamir and
Wallin 2014), ring galaxies (Timmis and Shamir 2017; Shamir 2020), and gravitational
lenses (Jacobs et al. 2019). This paper discusses approaches and methods for automatic
identification of peculiar galaxies in digital sky surveys.
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2. Model-driven approach for detection of known morphological types

When rare galaxies have known and defined shape, it is often possible to develop simple
algorithms to identify them. That can be done by either training a supervised machine
learning algorithm, or by model-driven algorithms that are based on computer vision
elements. An example is the automatic identification of ring galaxies. Ring galaxies
are well-known objects, yet relatively uncommon compared to other types of galaxies.
Because ring galaxies have known and defined shape, it is possible to detect them by
either training a machine learning system, or by a model-driven analysis that searches
for rings in the galaxy shape. A simple yet effective identification in real-world data is
demonstrated in (Timmis and Shamir 2017; Shamir 2020), providing catalogs of ring
galaxies from Pan-STARRS (Timmis and Shamir 2017) and SDSS (Shamir 2020) data.

The algorithm works by first applying dynamic thresholding to separate the back-
ground pixels from the foreground of the galaxy. For each threshold, the algorithm
scans all background pixels and applies a flood-fill algorithm to attempt to find a sur-
face that stretches from the background pixel to the edge of the image. If the surface
does not reach any of the image edges, the size of the surface (in pixels) is compared to
the number of foreground pixels. The presence of an area that is sufficiently large and
contained inside the galaxy foreground indicate that the galaxy has ring-like features.

Although the algorithm is simple, and it is not complete in the sense that it does
not recognize all ring galaxies, it is fast and can identify ring galaxies in very large
databases of real-world images. For instance, Figure 1 shows examples of ring galaxies
detected in Pan-STARRS. That catalogs of ring galaxies (Timmis and Shamir 2017;
Shamir 2020) require substantial labor to compile manually.

Figure 1. Example ring galaxies identified in Pan-STARRS (Timmis and Shamir
2017).

3. Unsupervised machine learning for the identification of unknown morpholog-
ical types

Very large databases can contain many objects of types that are not yet known to sci-
ence. Because they are not known, it is not possible to develop model-driven algorithms
to detect them. It is also not possible to train a supervised machine learning system, as
images of such objects do not yet exist. One of the approaches to detect such objects is
by applying unsupervised machine learning.

When using deep convolutional neural networks, autoencoders is a common ap-
proach for novelty detection in image data. An example of the application of autoen-
coders to identify peculiar galaxies in image data is (Margapuri et al. 2020). The au-
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toencoder reconstruction loss is used as an indication of the difference between the
tested image and the other images in the database, and a higher reconstruction loss
might indicate that the image is an outlier galaxy.

Another approach to the detection of outlier galaxies is to first compute numerical
image content descriptors from each galaxy image, and then apply outlier detection
algorithms to these descriptors (Shamir 2012). An important advantage of this “shallow
learning” approach is its ability to control of the false-positive rate. Given the large
size of databases collected by modern digital sky surveys, even a small rate of false-
positives can result in a very large number of objects that need to be observed manually.
Figures 2, 3, and 4 show examples of outliers detected automatically in SDSS, HST, and
DES, respectively. A complete list of the objects can be found in (Shamir and Wallin
2014; Shamir 2021).

Figure 2. Outlier extended objects detected in SDSS (Shamir and Wallin 2014).

Figure 3. Examples of outlier objects detected automatically in HST (Shamir 2021).

Figure 4. Examples of outlier objects detected in the Dark Energy Survey.

The algorithm works by first extracting a comprehensive set of numerical image
content descriptors from each galaxy image. These descriptors include textures, edges,
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fractals, polynomial decomposition, statistical distribution of the pixel intensities, and
numerous transforms of the images as described in detail in (Shamir et al. 2008, 2010).

After the numerical image content descriptors are computed, they are ranked by
their Boltzmann entropy to select the features that are the most informative. Then,
the distances between all pairs of images are computed by using the Earth Mover’s
Distance (Rubner et al. 2000), where the entropy values computed for the features are
used as weights (Shamir 2021). The Earth Mover’s Distance (EMD) between the pairs
of images reflect the similarity between them, such that lower distance means that the
two images are more similar to each other.

Once the distances are computed, an outlier galaxy can be identified by ranking
the EMD distances between that galaxy and all other galaxies in the dataset. Instead
of using the shortest distance between the galaxy and any of the other galaxies, the
method works by using the Nth shortest distance, such as N ≥ 1. The Nth shortest
EMD is used because in very large datasets of galaxy images rare galaxies of the same
type can appear more than once. That can lead to several galaxy images that are similar
to each other, but are different from all other galaxy images. A short distance between
any two galaxies might therefore reflect two or more outlier galaxies that are similar to
each other but could be different from all other galaxies. In that case, these galaxies
will not be detected as outliers. Additionally, using just the one shortest distance might
lead to a high number of false-positives, and mainly saturated images and artefacts.

For these reasons, using the Nth distance can allow to avoid some of these satu-
rated images that are common in the digital sky survey data. Controlling the distances
and the number of neighbors used allows to adjust the trade-off between false positives
and the sensitivity of the algorithm. As mentioned above, even a small rate of false
positives can make the algorithm practically unusable. The algorithm is not complete,
and has a certain rate of false positives. Full analysis can be found in (Shamir 2021).
But the algorithm reduces the data by three orders of magnitudes, making the detection
of novelty objects practical (Shamir and Wallin 2014; Shamir 2021).
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