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% Check for updates The recent launch of low Earth orbit satellite constellations is creating

agrowing threat for astronomical observations with ground-based
telescopes''° that has alarmed the astronomical community" ™,
Observations affected by artificial satellites can become unusable for
scientific research, wasting a growing fraction of the research budget

on costly infrastructures and mitigation efforts. Here we report the first
measurements, to our knowledge, of artificial satellite contamination
onobservations from alow Earth orbit made with the Hubble Space
Telescope. With the help of volunteers on a citizen science project
(www.asteroidhunter.org) and a deep learning algorithm, we scanned the
archive of Hubble Space Telescope images taken between 2002 and 2021.
We find that a fraction of 2.7% of the individual exposures with a typical
exposure time of 11 minutes are crossed by satellites and that the fraction
of satellite trails in the images increases with time. This fraction depends
onthesize of the field of view, exposure time, filter used and pointing. With

the growing number of artificial satellites currently planned, the fraction of
Hubble Space Telescope images crossed by satellites will increase in the next
decade and will need further close study and monitoring.

Artificial satellites can affect the observations of space-based tele-
scopes in low Earth orbit (LEO) such as the iconic NASA/ESA Hubble
Space Telescope (HST). Shara and Johnston"” warned about this three
decades ago: ‘artificial Earth satellites will cross the fields of view
of operating HST science instruments with distressingly high bright-
nesses and frequencies’. Launched in 1990, the orbit of HST is slowly
decaying due to atmospheric drag'®, now being at a mean altitude
of 538 km above the surface of the Earth. HST is thus sensitive to
other satellites situated in higher orbits that, depending on the solar
illumination angle, position and telescope pointing, can affect the
observations by causing bright streaks of light across the HST images.

The other concern is that these artificial satellites will become space
debris, increasing the amount of space junk and the potential of HST
colliding with a debris object”".

Satellite trails have been recognized asanomaliesin HST Advanced
Camera for Surveys (ACS) images®’. Borncamp et al.” proposed an
algorithm for users to detect and mask satellites in their individual
HST ACS observations. However, so far there has been no quantita-
tive assessment of how frequently satellites appear in HST images.
In this study, we quantify the past and current impact of higher-
orbit satellites on HST images. In the Hubble Asteroid Hunter (www.
asteroidhunter.org) citizen science project (Kruk et al.”), over 11,000
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Fig.1| Examples of satellite trails identified in HST individual exposures and
composite images. a, Examples of satellite trails in individual HST ACS/WFC
exposures (one aperture image, cutout FoV of roughly 101" x 202"), with a typical
integration time of 11 min: the first column shows typical trails (observation

IDs j8cw52p3q and j8puOhcfq); the second column shows multiple trailsin

an exposure (j8xilbafq) and flickering satellite trail (jbhjO4gcq) and the third
column shows broad out-of-focus trail (ja4tg4lsq) and curved satellite trail
(jeor25dtq). b, Imperfectly removed satellite trails in composite HST images, as
identified by AutoML with bounding boxes in cutouts of HST composite images.

volunteers inspected images from the European HST archive (eHST;
http://hst.esac.esa.int/ehst) for asteroid trails. The volunteers also
tagged anomalies such as satellites on the forum of the project (called
‘Talk’). In contrast to asteroid trails that appear as short, curved trails
in the images due to the parallax effect caused by the motion of the
spacecraft around the Earth, satellite trails traverse the entire field of
view (FoV) of the HST observations quickly and, in most cases, appear
asstraight lines.

To explorethe HST archive for satellite trails, we used supervised
machine learning methods and trained two algorithms based on
deep learning with the volunteer classifications: a binary classifier
and Google’s Automated Machine Learning (AutoML) Vision
algorithm, as described in Methods. We applied the former to indi-
vidual HST images of 11 minutes average exposure time (Method I:
machine learning classification model for individual HST images)
and the latter to HST stacked, composite images with an average
exposure time of 35 minutes (Method II: AutoML classification for
HST composite images). Examples of satellite trails identified in
the two types of HST image are shown in Fig. 1. The results are consist-
ent between the two methods, as explained in Comparison of the
two methods section. In what follows, we present results for the
HST individual exposures and discuss the outlook for HST observa-
tions being affected by satellites in the future. The statistics derived
in this study concern HST images taken predominantly before the
launch of satellite megaconstellations. Thus, this is an attempt
to define a baseline before the swarm of artificial satellites for
future follow-up studies of the impact of megaconstellations on
space-based astronomy. The results and uncertainties were calculated
asexplainedinthe section on Uncertainty calculation. The equivalent
information for composite imagesis presented in the Supplementary
Information.

Table 1| The number of archival HST individual and
composite images analysed in this paper

Dataset Instrument  FoV Numberof Average
images exposure time
HST individual ACS/WFC 202'x202" 76,056 MImin
WFC3/UVIS 160160 38,551 11.4min
HST composite  ACS/WFC 202'x202" 24,507 35.1min
WFC3/UVIS  160'x160" 12,947 34.Amin

The datasets used in this study are shown in Table 1. We find an
average fraction of 2.7 + 0.2% of the individual HST images between
2002 and 2021 containing at least one satellite trail. There is a sig-
nificant difference between the two instruments studied, as shownin
Fig.2a:the meansatellite fraction for the ACS/Wide-Field Channel (ACS/
WEFC)is 3.2 £ 0.2%, while for the Wide-Field Camera3/Ultraviolet Channel
(WFC3/UVIS)itis1.7 + 0.1%, because of the larger FoV of ACS/WFC, 202"
compared to160’, and different wavelength coverage of the two instru-
ments. We observe anincreasing fraction of HST images with satellites
withtime:the satellite fractionincreases from 2.8 + 0.2%in 2002-2005
t04.3£0.4%in 2018-2021 for ACS/WFC, and from 1.2 + 0.1% in 2009-
2012t02.0 +0.2%in2018-2021 for WFC3/UVIS, as shownin Fig. 2a.

The HST observations differ by the filter used. In Fig. 2b, we plot
thefraction of individualimages with satellite trails, split by instrument
and filter used (for the 12 most commonly used filters). We notice a
strong wavelength dependence: green (F606W), red (F775W) and
near-infrared (F814W) filters contain a mean fraction of 3.3 £ 0.2%,
while ultraviolet (UV) filters contain a much smaller fraction of
satellites with 0.1+ 0.1% for F275W. The low fraction of satellites
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Fig.2|Thefraction of HST individual images containing at least one satellite
trail split by instrument over time and for different filters. The numbers
ndenote the total number of HST images in each bin. The uncertainty u,was
calculated using equation (2). ACS experienced technical issues in2008,
therefore no data were available for that year. a, Fraction of HST individual
images with a mean exposure time of roughly 11 min crossed by satellites for ACS/
WFC and WFC3/UVIS. b, Fraction of HST individual images crossed by satellites
splitby instrument and filter for the 12 most commonly used filters.

inUVimages can probably be explained by alower satellite reflectivity
atUV wavelengths.

In what follows, we also consider multiple trails in the images
(144 HST individual exposures contain more than one satellite trail:
133 images with two trails, ten images with three trails and one image
with four trails). We calculate the chance of seeing a satellite trail in
the HST images by normalizing with the exposure time and scaling
to the FoV of ACS/WFC (202" x 202"), as described in the section on
Uncertainty calculation. We show the chance of seeing a satellite trail
inanimage with exposure time of 11.2 minutes, FoV 0f 202"and broad-
bandfilterswithA>400 nminFig.3. The chance of seeing asatellitein
HST between2009 and 2020is 3.7 + 0.3% for ACS/WFCand 3.2 + 0.3%
for WFC3/UVIS, while for2021itis 5.9 + 0.9 and 5.5 + 1.2% representing
anincrease of 59 and 71% for ACS/WFC and WFC3/UVIS, respectively.

Finally, we investigate whether the satellites observed by HST
aredistributed uniformly across the sky. Being ageneral observatory,
the observations of HST are in principle random in the sky, except for
the Legacy Surveys (for example, COSMOS, CANDELS, Hubble Deep
Fields), containing thousands of observationsinasmall fraction of the
sky (roughly 2 square degrees). In Fig. 4a,b we plot histograms of the
HST pointings for all the HST observations (for ACS/WFC and WFC3/
UVIS combined) and, for comparison, for observations containing
satellite trails. We also create aHEALPix representation of the telescope
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Fig. 3| The chance of seeing a satellite trail in an HST image with the average
exposure duration of11.2 min, scaled to the width of the ACS/WFCFoV (202"
and only including broadband filters withA > 400 nm. The numbers ndenote
the total number of HST images in each bin. The chance was calculated using
equation (4). The uncertainty u. was calculated using equation (5).

pointings. The fraction of satellites for each pixel is shown in Mollweide
projection in Fig. 4c. Although there are variations across the sky,
there is an excess of observations containing satellites along the
equator (6 = 0°): it is twice more likely to encounter a satellite while
observing in the equatorial plane than anywhere else. This can be
explained by satellites in geostationary Earth orbits, which feature a
constant equatorial latitude for their entire orbit. Additionally, there is
aslight excess of observations containing satellites at § > 60°, possibly
due to a higher fraction of satellites in highly elliptical and inclined
orbits, such as Molniya and Tundra orbits, intended to cover high
latitude regions.

Thefraction of HSTimages crossed by satellites is currently small
with anegligibleimpact onscience. However, the number of satellites
and space debris will only increase in the future. As of 3 October 2021,
there were 8,460 objects with sizes >0.1 m?in orbit, above the altitude
of HST (5,589 satellites of large sizes >1 m? and 2,871 of medium sizes
<1 m? Bothactive and defunct satellites were included on the basis of
https://www.space-track.org/.Since Space-Track measures radar cross-
sectionsizes, which canbe unreliable, these numbers are only relevant
to the first significant figure). There has been a 40% increase in the
number of artificial satellites in the period 2005-2021, matching the
observedincreasein fraction of satellites in HST images (roughly 50%
increase).

The probability that a satellite crosses the FoV of HST can be
modelled on the basis of the distribution of satellites that are visible
at any point to HST, the FoV of the instruments and the exposure
time, using a similar analysis to ref. ”. We use a simple model with a
pure geometrical assessment, and assume that satellites are uniformly
distributed with latitude and longitude and that all orbits are circular
tofirstorder. The probability that one satellite of N, crosses the FoVis

Nsat

Px
4n

Xfxaxwx 6t (1

where N, /4m is the number density of satellites above the orbit of
HST across the entire sky, fis the fraction of these satellites that are
illuminated and visible to HST at any given time (see Supplementary
Information for the derivation), w isthe mean angular velocity of asat-
ellite crossing the FoV, ais the size (width) of the FoV and §tisthe aver-
age exposure time. We consider a typical satellite at 1,500 km altitude
(the current median altitude of the roughly 8,500 satellites above the
orbit HST). The fraction of illuminated satellites at this altitude, visible
atany given time to HST is f~ 11% (see derivation in Supplementary
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Fig. 4| Overview of the pointings of HST and of satellite observations in HST
individual images. a,b, Normalized frequency distributions of HST pointings
(declination 6 (a) and right ascension a (b) of the centre of FoV) containing
satellite trails (yellow) and of allHST observations (blue). The uncertainty uy,
was calculated using equation (3). ¢, HEALPix map of the HST pointings, showing
the average fraction of HST individual images crossed by satellite trailsin each
pixel, in Mollweide projection. The sky is split into 48 equal areas (controlled by
the resolution parameter N4 = 2, chosen to ensure at least 100 images per pixel).

Information). The probability that one of the 8,500 satellites crosses the
FoVwithw ~186"s™, during an exposure of 11 min, is P= 4.4% for ACS/
WFC and P=3.5% for WFC3/UVIS, close to the observed probabilities
of5.9 and 4.4% for 2021.

By the date of this analysis, there were 1562 Starlink and 320 One
Web satellites in orbit, increasing the population of satellites close
to the orbit of HST. Nevertheless, the number of satellites in LEO will
only increase in the future, with an estimated number of satellites
in LEO between 60,000 and 100,000 by the 2030s (Supplementary

Information). Most of these satellites willbe between 500 and 2,000 km
altitude. To model the future impact of satellites on HST observations,
we assumetypical LEO megaconstellations between these altitudes and
calculate the probability that one of the satellites will cross the FoV of
one of the HST instruments using equation (1). We estimate that the
probability of asatellite crossing the FoV of HST will be between 20 and
50%, depending on the altitude and the number of satellites in orbit
(Supplementary Information). For example, the probability that one
ofthe 100,000 satellites at 850 km altitude will cross the FoVis 33% for
WEFC3/UVIS and 41% for ACS/WFC, increasing the current fraction of
affected images by an order of magnitude.

Satellites in upper LEO (1,000-2,000 km) will appear more fre-
quently in the HST images as the fraction of satellites visible to HST is
higher. Nevertheless, they will produce narrower trails (such as those
inlower part of Fig. 1a). Satellites in lower LEO orbits (500-1,000 km)
willappear less frequently in the images since there will be fewer visible
to HST, but they will produce broader trails. One of the main Starlink
shells, forexample, is at 550 km altitude, not far from the altitude of HST
of 538 km. Assuming that an artificial satellite will pass at only 100 km
from the pointing of HST, the 3 m Starlink satellite’ will produce awide
band of 6 or 120 pixels across the ACS detector, which might have an
impact on the scientific exploitation of the HST data. Even though no
scientific impact of satellite trails on HST data has been reported so
far, this has been noted for other telescopes such as Keck MOSFIRE,
where a probable explanation for a flash attributed to a gamma-ray
burst in a z~ 11 galaxy® is an artificial satellite causing flashes in the
dispersed spectra*?>,

As an important fraction of the HST images will be affected by
artificial satellites, it is important to consider mitigation strate-
gies. The current version of DrizzlePacis not designed to correct for
the satellite trails in the images, but to correct for cosmic rays
(Comparison of the two methods). As mitigation for HST, one could
mask out the satellite streaks (for example, with the acstools.sat-
det, https://acstools.readthedocs.io/en/stable/satdet.html, tool*)
before combining multiple drizzled exposures with DrizzlePac. This
might prove to be difficult for satellite trails that are wider than a few
tens of pixels, in which case the particular exposure cannot be
used for science. While deeper surveys can afford to discard one
or two exposures affected by satellite trails, it will be particularly
problematic for observations of bright and extended targets, such
as some HST SNAP programs, where typically only a couple of expo-
sures are available. Taking shorter exposures can alleviate some of
the problems, but one will have to account for the telescope time lost
with unusable images.

HST may not be the only space telescope affected by artificial
satellites. Other telescopes in LEO, such as CHEOPS or NEOWISE, are
alsosusceptible toartificial satellite trailsin their images, as their orbit
isbelow the orbit of many of the current satellites. Thereis a particular
concern for satellites having a notable impact on observations with
future telescopesinLEO havinglarge FoVs, such asthe planned Xuntian
wide-field optical-IR telescope (having 300 times the FoV of HST) on
the Chinese Space Station. Many space observatories are now orbit-
ing (James Webb Space Telescope) or planned to orbit in L2 (Euclid,
Plato), placing them far from artificial satellites and space debris and
sparing them from the growing problem faced by telescopes in LEO
and onthe ground.

Methods
We analyse the occurrence of satellite trails in HST images using two
different machine learning methods and two different types of HST
image: individual exposures and composite images available in the
eHST archives.

We analyse HST ACS/WFC images taken and publicly released
between 22 March 2002 (when the ACS camera was installed) and
3 October 2021 and WFC3/UVIS images taken and publicly released
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between 25 June 2009 (when the WFC3 obtained first light) and
3 October 2021. The dataset contains the individual HST exposures
and composite HST images, created and processed by the Space Tele-
scope Science Institute (STScl) using the standard pipeline calibration
settings, drizzled and combined using the DrizzlePac?® algorithm
(https://www.stsci.edu/scientific-community/software/drizzlepac.
html). We exclude the grism spectral images (as the spatially extended
spectral ‘wings’ can be confused with satellite trails), calibration
images, images with FoVs smaller than 7 arcmin?® (to remove subframes)
and images with an exposure time of less than 100 s (for composite
images) and 30 s (for individual exposures). We did not include near-IR
images fromthe WFC3/IR channel, because of the lack of training data
for thisinstrument.

Theindividual HST images used are the original, undrizzled images
with an average exposure time of 11.2 min, with PNG snapshots avail-
able in the eHST archives. The images from the two ACS/WFC (WFC3/
UVIS) apertures were added side-by-side, without correcting for the
geometric distortions. We downsized the images from 4,096 x 4,096 to
600 x 600 pixels to improve the display on the citizen science platform
and to increase the speed of training the classifier. These were analysed
usingamachinelearningbinary classification model presentedinMethod
I: machinelearning classification model forindividual HST images. Exam-
ples of individual images with satellite trails are shown in Fig. 1a.

The HST composite images, with an average exposure time
of 35 min, are processed with the DrizzlePac algorithm that performs
cosmic ray rejection before combining the individual images. How-
ever, it is not well suited to removing satellite trails. Large artefacts
such as satellite trails are visible as residual trails in the composite
images?”, as shown in the examples in Fig. 1b. These residual trails
in the composite HST images were used to identify satellites with
AutoML, described in Method II: AutoML classification for HST com-
posite images. This dataset is the same as the one presented in ref. 22,

Building training sets using crowdsourcing

Satellite trails were first identified in HST composite images by the
volunteers onthe Hubble Asteroid Hunter (www.asteroidhunter.org)
citizenscience project and tagged (with #satellite) on the forum of the
Zooniverse project (https://www.zooniverse.org/projects/sandorkruk/
hubble-asteroid-hunter/talk/tags/satellite). We used 1,613 of the satel-
lite trails identified by the volunteers in the HST composite images to
train our AutoML model (Method II). In a subsequent iteration of the
citizenscience project, to identify the satellites in the corresponding
individual HST exposures, we designed anew workflow to classify satel-
lites and uploaded those individual exposures that corresponded to
the 1,613 tagged composite HST images with satellites. With the help
of 450 citizen scientists, we classified 10,239 HST individual images
(7,776 for ACS/WFC and 2,463 for WFC/UVIS), gathering ten classi-
fications per image for a total of 102,390 classifications. An image
is labelled to contain a satellite if most of the volunteers provided a
positive classification (five or more positive classifications out of ten
classifications perimage). If all users classified animage to not contain
asatellite, we added these images to the ‘no satellite’ class. Balancing
the two datasets to have approximately the same number of images for
both classes this resulted in 3,329 images for the ‘no satellite’ class
and 2,622 for the ‘satellite’ class.

Method I: machine learning classification model for individual
HSTimages

For the classification of HST individual images, we developed animage
classifier model using transfer learning. We based our model on the
InceptionV3 model®, pretrained with the ImageNet dataset. The model
has 22.9 million parameters. Our modelis asimplebinary classifier that
predicts whether thereis asatellite or notin agivenimage. Therefore,
we use a sigmoid activation function in the output layer, while for
the other layers we used the rectifier activation function. To reduce

overfitting, we add three dropout layers with a probability of 50%. We
used the stochastic gradient descent optimizer for the training. For the
calculation of the loss, we used the binary crossentropy.

We used the 3,329 images for the ‘no satellite’ class and the 2,622
for the ‘satellite’ class to train the algorithm. We split the datainto 80%
of the images for training and 20% of the images for validation. We
trained the algorithm and stopped it as soon as it started to overfit,
after 22 epochs. Our model achieves an accuracy of 93.8%, a precision
of 97.5% and a recall of 89.0% at a 50% classification threshold. This
leads to an overall F; score of 93.1%. The confusion matrix is shownin
Supplementary Fig. 4.

We applied the trained model on all 114,607 individual HST images
and the model predicted that 3,157 images contain satellite trails. We
inspected all the positive classifications and removed the images that
were not correctly classified by the algorithm (205 cases). The mainrea-
sons for the false positive predictions were: guide star failures leading to
trailing stars, diffraction spikes from bright stars or cosmic rays falsely
classified as satellites. We also added 120 images that the volunteers
classified asbeing crossed by satellites, but were not detected by the algo-
rithm.Some of theimages contain more than one satellite (the model only
predictsifsatellites are presentin theimages, but not their number). This
process led to afinal sample of 3,072 HST individual images containing
asatellite trail and 3,228 satellite trails in total. This dataset of satellites
is used for the analysis described in the main section of the paper.

Method II: AutoML classification for HST composite images
For the second classification method, we used the HST composite
images, which are readily available in the eHST archive. As described
in Table 1, we used a total of 37,454 composite images. To improve
the trail detection using automated methods, we split the composite
PNGimagesinto four equal quadrants (examples are shownin Fig. 1b).
The PNG cutouts have sizes of 1,024 x 1,024 pixels, corresponding to
101" x 101" for ACS/WFC and 80" x 80" for WFC3/UVIS.

We used the Google AutoML Vision multi-object-detection algo-
rithm (https://cloud.google.com/vision/automl/object-detection/
docs) toidentify satellite trailsin cutouts of HST composite images. The
Google AutoML Vision builds adeep learning model based on aneural
architecture search algorithm?. We trained the AutoML Vision model
on Google Cloud with four labels: satellite, asteroid, gravitational lens
arc and cosmic ray (all of these being trail-like features), thus we can
detect all four types of object separately in the cutouts, as described
in ref. 2. Besides the classifications, AutoML returns a bounding box
for each classification, as shownin Fig. 1b.

We trained the model with the 1,613 satellite trails tagged by the
volunteers on Hubble Asteroid Hunter and split the sample into 70%
training, 15% validation and 15% test sets for AutoML to optimize the
hyperparameters of the model and evaluate its performance. The
model achieves a precision of 91.7% and recall (or completeness) of
84.4% on the test set, at a 50% classification confidence threshold.
Applying the model to the 149,816 HST composite image cutouts, we
detect 7,990 satellite classifications in the cutouts (as shown in the
examples in Fig. 1b), corresponding to 4,322 composite images with
satellite trails out of the 37,454 ACS/WFC and WFC3/UVISimages. Two
oftheauthors (S.K.and P.G.-M.) inspected the 4,322 composite images
with positive classifications by AutoML and identified 1,387 images with
trails that were not caused by satellites. The types of trail the automated
algorithmwas misclassifying as satellite trails were the same as for the
individualimages: guide star failures causing stars to trailintheimages
and diffraction spikes from bright stars outside the field appearing
as long straight lines in the images. The model could be improved by
adding additional labels for ‘diffraction spikes” and ‘trailing images’.
However, given that this paper aims to study the impact of satellites
on HST images and not to produce the perfect model, we discarded
the 1,387 images, resulting in 2,935 images with correctly identified
satellite trails, containing a total of 3,217 satellite trails.
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Comparison of the two methods

We analysed the HST images for satellite trails using two different
machine learning methods: a simple binary classifier based on the
InceptionV3 model and an object-detection model in Google Cloud,
AutoML. We inspected the HST individual exposures, as well as the
stacked, composite HST images. The two different analysis methods
show consistent results. With our machine learning classification we
recovered 3,072 images with satellite trails, while with AutoML we
recovered 2,935 images with satellite trails, respectively.

Wefindafraction of 8.9 +1.1% composite ACS/WFCand 5.8 + 0.7%
composite WFC3/UVIS images crossed by satellites. On average, 3.2
individual exposures were combined to create the compositeimages.
This correspondsto afraction of HST images with satellites 0f 2.8 + 0.3%
for the individual ACS/WFC and 1.8 + 0.2% for individual WFC3/UVIS
exposures, an average of 2.4 + 0.3% for the two instruments. These
measurements based on the HST composite agree well (within uncer-
tainties) withthose found for the individual HST images (withMethod]I),
3.2+0.2% for ACS/WFC3 and 1.7 + 0.1% for WFC3/UVIS, presented in
the main section of the paper. These results are promising as we used
two completely different and independent algorithms analysing two
sets of images processed in different ways. We, therefore, proceed
with the analysis and show only the results of the machine learning
classifications onindividual HST images (MethodI) in the mainarticle.
The same results, but for the HST composite images are shown in the
Supplementary Information.

Finally, since we find a similar fraction of satellites in the HST
individualimages, which contain bright satellite trails, and inthe HST
composite images, where the satellite trails appear as residuals, this
suggests that flagging satellites as cosmic rays and rejecting them in
DrizzlePacis not sufficient to completely remove the trails. Therefore,
different mitigationtechniques, such as masking the satellite trail, need
to beinvestigated for HST.

Uncertainty calculation

Inthe main article, weinvestigate the number of HST images containing
asatellite trail s using histograms. Due to the variation in the number
of observations of HST with time, by instrument and filter, we need to
consider the Poisson uncertainty in the number of images with satel-
lites, +/s. Additionally, we assume an uncertainty in the performance
of the machine learning algorithm to detect the trails. We use the F,
score of 93% that leads to an uncertainty of 0.07s. Both uncertainties
are combined using the Gaussian propagation of uncertainty

2
us =\ (/s) + (0.07s)* = \/s + 0.0049s2. We then calculate the fraction

f= 2 of images containing a satellite trail, where a is the total
number of HST images. The uncertainty in the fraction of HST images
with satellites is thus
Vs + 0.0049s2
ur = T (2)
Additionally, for the distribution of the declination and right
ascension, in the frequency histogram for the images with satellites,
we divide the number of images for each bin by the total number of
images with satellites s,,, or for the entire dataset d,,: freq, = —

Stotal

. To calculate the uncertainty in the frequency histo-

a

and freq, = -

‘total

grams, we used the following equation:

1 2 s
Ufreq, = ( us) +
s Stotal s
total

The final result of our paper is the chance of seeing a satellite in
anHSTimage, normalized by exposure time and scaled to the width of
the FoV of ACS/WFC (202"):

2

usmtal ) . (3)

c=s Lmean 202"
T tam a()’

“)

wheres, is the number of satellite trails, ¢,,,, the total exposure time in
abinandt,,,,the mean exposure duration for animage and a(') is the
size (width) of the FoV. For this calculation, we only include filters with
A>400 nm (we excluded UV images where the observed fraction of
satellitesis low) and images using the full FoV. For the number of satel-
litetrails s, we used the same uncertainty calculation as for the number
of images with satellites s. For the total exposure time of allimages, we
assumed the uncertainty u, = 0. For the mean exposure duration

treans Weusedthestandarderrorofu, = HLwith thestandard devia-
V drotal

tion oand the number of allimages a,,.,. The uncertainty in the chance
of seeing a satellite calculationis therefore

2 2 ”
U = \/ (t;"ﬂ) (s, +0.004952) + (ts—‘utm> x fl(()%) )
Data availability

The HST observations are publicly available in the eHST archives
at http://hst.esac.esa.int/ehst. The list of HST individual images with
the satellite classifications in this paper is available on Zenodo at
https://doi.org/10.5281/zenodo.7474191.

Code availability

The binary machine learning classifier, as well as the code used in this
work to analyse the frequency of satellite trails in HST observations
andtorecreateall the figures, is available on GitHub at https://github.
com/sandorkruk/HST_impact_of satellites.

References

1. Hainaut, O.R. & Williams, A. P. Impact of satellite constellations
on astronomical observations with ESO telescopes in the visible
and infrared domains. Astron. Astrophys. 636, A121 (2020).

2. Tyson, J. A. et al. Mitigation of LEO satellite brightness and trail
effects on the Rubin Observatory LSST. Astron. J. 160, 226 (2020).

3. Gallozzi, S., Paris, D., Scardia, M. & Dubois, D. Concerns
about ground based astronomical observations: quantifying
satellites’ constellations damages. Preprint at https://arxiv.org/
abs/2003.05472 (2020).

4. Williams, A. et al. A report to Eso council on the impact of satellite
constellations. Preprint at https://arxiv.org/abs/2108.03999 (2021).

5. Williams, A., Hainaut, O., Otarola, A., Tan, G. H. & Rotola, G.
Analysing the impact of satellite constellations and Eso’s role in
supporting the astronomy community. Messenger 184, 3-7 (2021).

6. Kocifaj, M., Kundracik, F., Barentine, J. C. & Bara, S. The
proliferation of space objects is a rapidly increasing source of
artificial night sky brightness. Mon. Not. R. Astron. Soc. Lett. 504,
L40-L44 (2021).

7. Lawler, S., Boley, A. & Rein, H. Visibility predictions for near-future
satellite megaconstellations: latitudes near 50° will xperience the
orst light pollution. Astron. J. 163, 21(2021).

8. Bassa, C. G., Hainaut, O. R. & Galadi-Enriquez, D. Analytical
simulations of the effect of satellite constellations on optical
and near-infrared observations. Astron. Astrophys. 657, A75
(2022).

9. Mrdz, P. et al. Impact of the SpaceX starlink satellites on the
Zwicky transient facility survey observations. Astrophysical J. Lett.
924, .30 (2022).

10. Boley, A. C., Wright, E., Lawler, S., Hickson, P. & Balam, D. Plaskett
1.8 m observations of starlink satellites. Astron. J. 163, 199 (2022).

1. Massey, R., Lucatello, S. & Benvenuti, P. The challenge of satellite
megaconstellations. Nat. Astron. 4,1022-1023 (2020).

Nature Astronomy | Volume 7 | March 2023 | 262-268

267


http://www.nature.com/natureastronomy
http://hst.esac.esa.int/ehst
https://doi.org/10.5281/zenodo.7474191
https://github.com/sandorkruk/HST_impact_of_satellites
https://github.com/sandorkruk/HST_impact_of_satellites
https://arxiv.org/abs/2003.05472
https://arxiv.org/abs/2003.05472
https://arxiv.org/abs/2108.03999

Letter

https://doi.org/10.1038/s41550-023-01903-3

12. Walker, C. et al. Dark and Quiet Skies for Science and Society |
Report and Recommendations (United Nations Office for Outer
Space Affairs, IAU, 2020).

13. Walker, C. & Benvenuti, P. Dark and quiet skies Il working group
reports. Zenodo https://doi.org/10.5281/zenodo.5874725 (2022).

14. Walker, C. et al. Impact of satellite constellations on optical
astronomy and recommendations toward mitigations. Bulletin
AAS https://baas.aas.org/pub/2020i0206 (2020).

15. Rawls, M. L. et al. SATCON2 observations working group report.
Zenodo https://doi.org/10.5281/zenodo.5608826 (2021).

16. Lawrence, A. et al. The case for space environmentalism.

Nat. Astron. 6, 428-435 (2022).
17. Shara, M. M. & Johnston, M. D. Artificial Earth satellites crossing

the fields of view of, and colliding with, orbiting space telescopes.

Astronom. Soc. Pacific 98, 814-820 (1986).

18. Baker, K. et al. An updated re-entry analysis of the Hubble Space
Telescope. J. Space Saf. Eng. 7, 404-410 (2020).

19. Boley, A. C. & Byers, M. Satellite mega-constellations create risks
in low Earth orbit, the atmosphere and on Earth. Sci. Rep. 11,
10642 (2021).

20. Stankiewicz, M., Gonzaga, S. & Whitmore, B. ACS CCD Image
Anomalies in the Hubble Legacy Archive. Instrument Science
Report HLA 2008-01 (Space Telescope Science Institute, 2008).

21. Borncamp, D. & Lian Lim, P. Satellite detection in ACS/HST
images. In Proc. Astronomical Data Analysis Software and Systems
XXVIVol. 521 (eds Molinaro, M. et al.) 491-494 (Astronomical
Society of the Pacific, 2019).

22. Kruk, S. et al. Hubble Asteroid Hunter. I. Identifying asteroid trails in

Hubble Space Telescope images. Astron. Astrophys. 661, A85 (2022).

23. Jiang, L. et al. Evidence for GN-z11 as a luminous galaxy at redshift
10.957. Nat. Astron. 5, 256-261(2021).

24. Steinhardt, C. L. et al. A more probable explanation for a continuum
flash towards a redshift =11 galaxy. Nat. Astron. 5, 993-994 (2021).

25. Michatowski, M. J., Kaminski, K., Kamirska, M. K. & Wnuk, E.
GN-z11-flash from a man-made satellite not a gamma-ray burst at
redshift 11. Nat. Astron. 5, 995-997 (2021).

26. Gonzaga, S., Hack, W., Fruchter, A. & Macks, J. The DrizzlePac
Handbook (STScl, 2012).

27. Fruchter, A. et al. HST MultiDrizzle Handbook (Space Telescope
Science Institute, 2009).

28. Szegedy, C., Vanhoucke, V., loffe, S., Shlens, J. & Wojna, Z.

Rethinking the inception architecture for computer vision. In Proc.

IEEE Conference on Computer Vision and Pattern Recognition
2818-2826 (IEEE, 2016).

29. Zoph, B. & Le, Q. V. Neural architecture search with reinforcement
learning. Preprint at https://arxiv.org/abs/1611.01578 (2016).

Acknowledgements

We acknowledge the tremendous work made by over 11,000 citizen
scientist volunteers on the Hubble Asteroid Hunter citizen science
project. Their contributions are individually acknowledged on https://
www.zooniverse.org/projects/sandorkruk/hubble-asteroid-hunter/
about/results. We thank the anonymous referees for their helpful
comments that have improved the paper. We thank V. Braun for the
helpful discussions and useful comments on the draft. We acknowledge
support from M. Arévalo and J. Espinosa, from the eHST team at ESAC,
who supported this research by providing postage stamps of HST
individual exposures on scale from the archive. Finally, we acknowledge
our frequent and helpful interactions with the STScl helpdesk. This
publication uses data generated via the Zooniverse.org platform, the
development of which is funded by generous support, including a
Global Impact Award from Google, and by a grant from the Alfred

P. Sloan Foundation. This material is based on work supported by

the Google Cloud Research Credits programme with the award no.
GCP19980904. This work has made extensive use of data from HST

mission, hosted by the European Space Agency at the eHST archive, at
ESAC (https://www.cosmos.esa.int/hst), thanks to a partnership with the
Space Telescope Science Institute, in Baltimore, MD, USA (https://www.
stsci.edu/) and with the Canadian Astronomical Data Centre, in Victoria,
Canada (https://www.cadc-ccda.hia-iha.nrc-cnrc.ge.ca/). The work of
M.P. was supported by a grant of the Romanian National Authority for
Scientific Research: UEFISCDI, project number PN-IlI-P1-1.1-TE-2019-1504.

Author contributions

Correspondence should be addressed to the lead author, S. Kruk.

S. Kruk designed the experiment and led the development of the
Hubble Asteroid Hunter project on which this work is based. P.G.-M.
performed the classification of satellite trails in the composite HST
images. B.A. conducted the classification of satellite trails in single
HST exposures. S.D. led the analysis of the satellite trail classifications
by citizen scientists. M.E.P. and T.L. estimated the fraction of artificial
satellites observable by HST and contributed to future predictions.
B.M. provided expertise on the HST archival data. RT. and S. Karadag
supported the work with Google Cloud computing. S. Kruk, P.G.-M.,
B.A. and S.D. led the analysis work. S. Kruk and P.G.-M. led the drafting
of the paper to which all authors have contributed. This paper
includes the work of four ESA trainees (B.A., S.D., M.E.P., T.L.), master’s
students at the time, who extended the analysis to 2021 data. M.J.M.
provided input regarding the context and previous work on the impact
of satellite megaconstellations on astronomical observations and
contributed to the interpretation of the results.

Funding
Open access funding provided by Max Planck Society.

Competinginterests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary
material available at https://doi.org/10.1038/s41550-023-01903-3.

Correspondence and requests for materials should be addressed to
Sandor Kruk.

Peer review information Nature Astronomy thanks Stefano Gallozzi,
Meredith Rawls and the other, anonymous, reviewer(s) for their
contribution to the peer review of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2023

Nature Astronomy | Volume 7 | March 2023 | 262-268

268


http://www.nature.com/natureastronomy
https://zenodo.org/record/5874725
https://baas.aas.org/pub/2020i0206
https://zenodo.org/record/5608826
https://arxiv.org/abs/1611.01578
https://www.zooniverse.org/projects/sandorkruk/hubble-asteroid-hunter/about/results
https://www.zooniverse.org/projects/sandorkruk/hubble-asteroid-hunter/about/results
https://www.zooniverse.org/projects/sandorkruk/hubble-asteroid-hunter/about/results
https://www.cosmos.esa.int/hst
https://www.stsci.edu/
https://www.stsci.edu/
https://www.cadc-ccda.hia-iha.nrc-cnrc.gc.ca/
https://doi.org/10.1038/s41550-023-01903-3
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	The impact of satellite trails on Hubble Space Telescope observations

	Methods

	Building training sets using crowdsourcing

	Method I: machine learning classification model for individual HST images

	Method II: AutoML classification for HST composite images

	Comparison of the two methods

	Uncertainty calculation


	Acknowledgements

	Fig. 1 Examples of satellite trails identified in HST individual exposures and composite images.
	Fig. 2 The fraction of HST individual images containing at least one satellite trail split by instrument over time and for different filters.
	Fig. 3 The chance of seeing a satellite trail in an HST image with the average exposure duration of 11.
	Fig. 4 Overview of the pointings of HST and of satellite observations in HST individual images.
	Table 1 The number of archival HST individual and composite images analysed in this paper.




