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ABSTRACT

The present work explores the application of a convolutional neural network to detect moving objects in wide-field
astronomical surveys, with a special emphasis on near-Earth objects (NEOs), but also including satellites, space debris,
main-belt asteroids, and transneptunian objects (TNOs). The algorithm is developed and tested using images from
OmegaCAM, the wide-field camera mounted on ESO’s VLT Survey Telescope (VST). The expectation is that the
developed tools will also be applicable to a range of other satellite and ground-based surveys, setting the stage for the
upcoming generation of telescopes.

The proposed method combines the astronomical software SourceExtractor with a machine-learning algorithm. Firstly,
SourceExtractor is used to detect any sources present on a given image. Secondly, the machine-learning algorithm is
applied to determine whether the source is a moving object. The machine-learning algorithm features a convolutional
neural network whose architecture is a modified version of the VGG-16 Very Deep Convolutional Network. This
model comprises 13 convolutional layers followed by 3 fully connected layers and a rectified linear unit activation
function (ReLU) that accounts for non-linearity, an essential feature in image recognition.

Both the adjustment of the hyperparameters of the model and the model training are done using a set of photomet-
ric data taken with ESO’s VST in Paranal, Chile, under the purview of Programme ID 106.216P.002. In doing this
development and to make the procedure more efficient, we also implement physical constraints based on our knowl-
edge of real observing conditions. This programme monitors gravitationally lensed quasars by taking four five-minute
exposures in the visible band of the same fields each night. The camera used to take the images is OmegaCAM, a
wide-field camera with a field of view of 1 x 1 square degrees. The training set is built by artificially adding tracks of
different lengths, orientations and brightness to the VST images.

From its orbit in the L2 Lagrangian point, the upcoming Euclid space mission will also be able to detect moving objects
provided a careful analysis of the data collected. These will be essentially main-belt asteroids and transneptunian
objects, or even other interstellar objects visiting our solar system, such as 1I/2017 U1 ‘Oumuamua. With the launch
of the Euclid space mission being scheduled for 2023, the Euclid Consortium has developed the software Elvis to
generate images similar to those that will be observed during the mission. These simulated images will also be used
to further test the applicability of our pipeline on disparate data sets.

Given the wide field of view of the telescopes used (wider than previously used telescopes), we expect to discover
objects not yet identified. A catalogue of the detected objects will be produced, analysing trends over the last 10 years,
which will be particularly relevant in the case of satellites. In particular, a comprehensive accounting of satellites
and space debris in astronomical images will significantly improve the busy eco-system of the Low Earth Orbit,
facilitating the coordination of space traffic and reducing the hazard of debris jeopardising space missions. The data
will be compared with that available in satellite databases such as Astriagraph.

Furthermore, information on the orbital elements of the detected NEOs will also serve to update the astrometry cur-
rently available in dedicated databases such as the Minor Planet Center. Since the astrometry of NEOs remains
relatively constant over time, this effort to better characterise it will refine our long-term monitoring of these objects.
This will improve our capacity to identify NEOs that may pose a threat to Earth, mitigating local and global damage.
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1. INTRODUCTION

The last three decades have seen a strong development in wide-field astronomical surveys. As discussed in [21],
they are designed for a variety of purposes, broadly either statistical astronomy [10] or the search of rare objects
[20]. However, despite being originally planned for a different purpose, their large field of view makes most of these
surveys particularly fit for the detection of moving objects. As a consequence, some of these surveys observe these as
secondary products, and some even as their main science objective.

For instance, the Panoramic Survey Telescope and Rapid Response System (Pan-STARRS) [11], located in Hawaii
and with a field of view of 3 square degrees, dedicates most of its time to the search of near-Earth objects (NEOs).
Similarly, the Zwicky Transient Facility Survey [15], in California, employs a camera with a field of view of 47 square
degrees to find asteroids, comets, and supernovae.

In this work, we aim to exploit the data taken with the VLT Survey Telescope (VST) [2]. To the best of our knowl-
edge, such data has not yet been fully explored in search of moving objects. The VST, located in Chile, employs
OMEGACAM, a wide-field camera with a field of view of 1 square degree [14]. The long exposure times allow for the
detection of a variety of objects moving at different relative speeds, including NEOs, main-belt asteroids and transnep-
tunian objects (TNOs), satellites, and space debris. Our work focuses on the detection of NEOs, but the techniques
used are suited for all types of moving objects.

1.1 Near-Earth objects

The term NEO is used to design asteroids — mostly, since it is also applicable to comets — passing close to the orbit
of the Earth. Their size can range from metres to tens of kilometres, and they make up around 20,000 of the 600,000
Solar-System objects that we know of [17].

A potential collision of one of these objects with the Earth could cause serious damage. This risk is quantified by the
Palermo Technical Impact Hazard Scale [8] and its equivalent made accessible for the general public, the Torino scale
[6]. And although the largest NEOs are closely monitored and studied, most small- to medium-sized NEOs, which are
also susceptible of causing local damage, remain poorly understood.

Hence, it is essential to build a comprehensive catalogue of NEOs that includes their physical characteristics (such
as size and composition) as well as their orbital elements. Since the orbital elements of these objects remain almost
constant through time, old data sets can be used to improve our present knowledge.

Furthermore, the study of NEOs can improve our understanding of the Solar System’s assembly process.

1.2 Main-belt asteroids and transneptunian objects

The majority of asteroids in the Solar System are located in the main asteroid belt, in-between the orbits of Mars and
Jupiter. Their great distance to Earth makes their relative motions much smaller than those of the NEOs, and their
pixel imprint is hence shorter. A similar case applies for TNOs, orbiting the Sun beyond the orbit of Neptune, and thus
with relative speeds even smaller than the main-belt asteroids.

With a careful analysis, both TNOs and main-belt asteroids can be detected in the VST frames using long exposures.
Albeit these objects do not pose the threat of colliding with the Earth, they can also help improving our knowledge of
the Solar System.

1.3 Satellites

During the last half a century, the number of artificial satellites has rapidly grown. There are approximately 5,000
active satellites in orbit [13], of which most are located in the Low Earth Orbit (LEO). A statistical analysis over a
long period of time can help to identify trends in the satellite population. In addition, unlike the case of asteroids, the
orbital elements of the satellites change quickly over time, which implies that to characterise them, fast methods need
to be applied to up-to-date data.
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1.4 Space debris
However, most of the objects orbiting the Earth are not operative satellites, but space debris created by inactive satel-
lites that either malfunctioned or simply reached the end of their mission and were never retrieved. The estimation is
that around 90% of the objects in the LEO are active satellites, a number that increases if the objects smaller than 10
cm are considered.

This growing number is alarming for two reasons: firstly, the debris threatens to collision with active satellites, harming
from manned missions to telecommunication satellites; secondly, even if it collides with other space debris, this could
lead to a chain reaction, creating more and more collisions. Eventually, as theorised by [12], certain orbits could
become so overpopulated that they would be impossible to use for new missions.

Furthermore, since space debris cannot be operated from Earth, it has become much more difficult to extract orbital
information about these objects. For this reason, it is key to develop methods to monitor space debris and ensure that
this information is used to improve space traffic. Similarly to the case of active satellites, the orbital information of
space debris changes quickly, and so efficient methods are required to analyse it.

1.5 State of the art
Multiple studies have studied the detection of moving objects in wide-field images, using data from both space-based
and ground-based telescopes.

Among them, one of the most popular methods is perhaps the Hough transform algorithm, which applies a mathe-
matical operation to the input images that yields an output in parameter space. Using a voting system, the algorithm
can identify any lines present in the original input, a useful feature for detecting tracks in astronomical images [4].
However, the main disadvantage of the Hough transform is that it needs to be generally optimised for a specific track
length. This implies that it can be used to find either short (slow objects) or long (fast objects) tracks, but not both at
the same time.

For this reason, the present work focuses on developing machine-learning methods, which are much more versatile
than the Hough transform. A similar approach was used by [23], but applied to the ZTF data. The algorithm proposed
in this paper builds upon the method developed by Su Direcki at EPFL-LASTRO [9].

2. DATA PRODUCTS

2.1 VST images
For this work, we used images taken with ESO’s VLT Survey Telescope (VST) in Paranal, Chile. They were taken
under the purview of a programme that monitors gravitationally lensed quasars, with Programme ID 106.216P.002.
More specifically, the field used was that of the quasar J1537-3010.

The images were taken with a cadence of four images per night, with an exposure time of 5 minutes per image. The
instrument used for this purpose was OmegaCAM, a wide-field camera with a field of view of 1 square degree, which
results in images of 16 000×16 000 pixels. Such images are obtained after combining the results of the 32 different
CCD cameras that make up the instrument.

2.2 Difference imaging
The technique of difference imaging is commonly used to detect changes between images. In the context of astro-
physics, its applications are focused on the the detection of transient objects, either because they are moving (such
as asteroids, satellites and space debris) or because they are variable physical objects (variable stars, gravitationally
lensed quasars or supernovae). See e.g., [3], [22].

To perform difference imaging, two images of the same field but taken at different times are compared: one called the
reference image and the other called the target image. The reference image is usually made by taking the median of
several images of that field, often a selection of those with the best seeing. Hence, the reference image will have an
optimal point-spread function and no transients present. An example can be seen in Fig. 1.

The target image is our image of interest, where we want to find the astronomical transients. By comparing it with the
reference image and subtracting the latter, we can obtain an image that will only contain variable objects.
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One of the most challenging aspects of difference imaging is that the point-spread function of the reference image
needs to match that of the difference image. To overcome this, a convolutional kernel describing the differences
between the two seeings is applied to the reference image. The kernel required needs is usually highly detailed to
describe the complex distinctions between the images. For our work, the basis set of the kernel mixes the two most
well-known approaches: using individual pixels (proposed by [7]) and using Gaussians of varying widths (proposed
by [1]).

To enhance the performance of the convolutional kernel, smaller tiles were cutout from the original mosaic. This
ensured that seeing fluctuations across the images were minimised, which simplified the application of the kernel. The
mosaics were divided in 100 tiles of size 1768×1768 pixels each. An example of a difference image is shown in Fig.
2.

Our reference images were composed by taking the median of the nine images of the field with the best seeing, as
measured by the software THELI [18].

Fig. 1: Reference image.

3. METHODOLOGY

3.1 Data generation
To be able to examine the accuracy of our methods, we needed a data set where the number of moving objects present
in the images was fully known. To this end, we used VST images that had been previously processed by the pipeline
THELI, which contains an algorithm to remove all light tracks.

Subsequently, we artificially injected tracks corresponding to the moving objects into the images. This was done by
adding light pixels convolved with the PSF of each difference image. The brightness of the tracks was randomised,
although within a range between 3 and 20 times the background noise. The length of the tracks was also randomised
from 10 and 1768 pixels, 10 corresponding to the farthest asteroids and 1768 pixels corresponding to satellites crossing
the field of view. Most intermediate lengths would correspond to the different types of asteroids described, mainly
NEOs and main-belt asteroids. The position and inclination of the tracks was also randomised. Examples of cutouts
containing only background noise and containing an artificial track can be seen in Fig. 3 and Fig. 4, respectively.

The method would need to appropriately discern between moving objects and other variable physical objects, such as
gravitationally lensed quasars or supernovae. For this purpose, point-like objects were also introduced in the differ-
ence images using a similar process: with a brightness between 3 and 20 times the background noise and at random
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Fig. 2: Difference image.

Fig. 3: Cutout with brackground noise.

locations.

3.2 Source detection

Firstly, all the sources in the image were detected using the program SourceExtractor. This pipeline identifies all the
sources contained within an astronomical image, using several steps: firstly, it builds a background map with a grid
covering the frame; secondly, it uses thresholding for an initial detection of the objects; thirdly, it separates blended
objects; fourthly, filters the detections, computes their photometry and separates star and galaxy objects. A complete
discussion can be found in [5].
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Fig. 4: Cutout with a moving-object track.

A catalogue is built with all the detections found, which will be inversely proportional to the threshold set. Although
SourceExtractor has the advantage of allowing the user to establish the threshold as low as they like, it presents
important limitations. For low thresholds, lower than around 5 times the background noise [16], the software presents
a high rate of false positives. Furthermore, and more importantly, it is not optimised to detect very elongated sources,
such as the moving objects that concern us. Hence, in our work SourceExtractor was only used to create catalogues of
all sources present in each difference image.

It is important to mention that some very bright elements in the reference image will overexpose the pixels around
them but not necessarily in the target image, and vice versa. Therefore, when creating the difference image, this
will introduce ‘fake sources’ in it. To mitigate this effect, SourceExtractor was also used to build a catalogue of the
reference image, which was then compared to that of the difference image. All the sources in the difference image
adjacent to sources in the reference catalogue, and hence likely to be overexposed pixels, were removed.

Then, all detections that belonged to the same object were grouped using agglomerative hierarchical clustering. The
bottom-up method fclusterdata was used, since these type of methods are robust when the ideal number of clusters
is not known. After clustering, a centroid was assigned to each resultant cluster, calculated by weighting all points by
their flux and taking the mean. Subsequently, a tile around the centroid was cut out, of size 128 × 128 pixels.

3.3 Source identification

After detecting the sources with SourceExtractor and cutting smaller tiles around them, we applied a convolutional
neural network to discern whether they belong to a moving object (track) or not.

To this end, a VGG-16 architecture was used, which is a deep convolutional network for large-scale image recognition
[19]. In short, this type of algorithm can learn to classify an image according to a binary metric. In this case, it yielded
the probability that the a cutout contained a track or not.

This model had two advantages: firstly, it was more adaptable to different track lengths than the Hough transform,
which, as discussed, is only optimised for a certain type of track; secondly, it was robust against any contamination
from overexposed pixels that were not handled in the previous step.

The model was trained using 33 728 cutouts with dimensions 128×128, labeled into two groups: 33.33% containing
a moving-object track and 66.66% only containing point-objects or background noise. The model was trained using
the Adam optimizer, dropout and class weights.
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3.4 Source characterisation

Once the tracks were correctly identified by the neural network, a second step was performed by the network to
determine where in the cutout the moving objects was located. In other words, which pixels belonged to a track and,
in particular, which point was most likely to be the centre of the track.

This procedure was done by applying the model to smaller tiles centered around each point. With this, we could
select the cutout that had been predicted by the model to contain a light track with the highest confidence. Lastly, a
Hough-transform elipse-fitting algorithm was used to calculate the orientation of the track.

4. RESULTS

The results obtained using our pipeline will be described in this section.

Once the cutouts had been identified, the convolutional neural network was able to correctly detect the tracks in 62%
of the cases. This number was calculated by applying the model to 1000 cutouts, out of which 30% contained tracks
and 70% contained background noise or point sources.

To visualise this source-identification step in conjunction with the source-detection and source-characterisation steps,
the full pipeline was tested on several 1768×1768 images. An example is shown in Fig. 5:

Fig. 5: Example of an image with added track and point sources.

This image contains a track corresponding to a moving object and 4 point sources that represent various physical
phenomena.

Firstly, SourceExtractor was applied to build a catalogue of the difference image, which yielded 9 detected sources, as
shown in Fig. 6.

Then, the same software was applied to the reference image, and a reference catalogue was built. Both catalogues
were compared and the points in the difference catalogue close to sources detected in the reference catalogue were
discarded, as discussed in Section 3. This reduced the number of detections to 7. The remainder of the sources in the
difference image were then clustered into 5 cutouts, which were fed to the convolutional neural network. The model,
as shown in Fig. 7, correctly detected that 2 of them were part of moving-object tracks, and also discarded the point
sources.
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Fig. 6: Detections of SourceExtractor.

Fig. 7: Cutouts fed to the convolutional neural network. Cutouts identified as containing tracks are shown in red.

Lastly, the orientation of the track was calculated by fitting a Hough-transform algorithm. The computed orientation
was 22◦, which was close to the true value, 27◦. However, more points of the track would be needed to improve this
estimation.

5. CONCLUSION

The present work applied a convolutional neural network to a set of images taken with the wide-field, VST telescope
with the objective of identifying moving objects, particularly near-Earth asteroids. Firstly, any sources were detected
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Fig. 8: Orientation fit with the Hough transform algorithm.

using the software SourceExtractor. Secondly, they were grouped into clusters and fed to the model, which identified
whether they belonged to the track of a moving object. Thirdly, the objects were characterised by computing the
orientation of their track.

Moving forward, our work will focus on improving the accuracy of the model. To this end, it will be retrained using
a larger, more diverse data set. We believe that the brightness 3 times the background noise might be too low for the
convolutional neural network to meaningfully discern the images. For this reason, we will try building a new data set
with brighter objects and retraining the model.

After the model is optimised, we will apply the method described to a set of VST images that do not have artificial
tracks in them, and check how many moving objects can be identified. Any detections will be reported to the Minor
Planet Center and Astriagraph databases, and compared with those currently in the catalogues.

Another change that will be implemented in the future pipeline is to use images from the same night to build the
reference image. The reason behind this is that some telescopes, such as the upcoming mission Euclid, will not
observe the same field over multiple nights. Hence, we propose using the median of the four different exposures of a
particular that are taken each night to create the reference image. The difference image would be made by using each
individual exposure as a target frame and performing the subtraction with the reference frame. The seeing of the two
being almost the same, a convolutional kernel would probably not be necessary in this case.

Lastly, we will focus on further characterising the objects detected, by computing not only the orientation of the tracks,
but also other physical variables such as their speed.
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