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ABSTRACT

The number of objects in Earth’s orbit is increasing rapidly, raising urgency for intensified
observations of satellites and other resident space objects (RSOs) to manage space traffic and
prevent collisions. Current methods for RSO detection and tracking rely on ground-based
and space-based observatories with optical or radar sensors, but these telescopes require
complex scheduling to achieve surveillance of all objects. Previous works have implemented
scheduling algorithms and machine learning models that optimize the assignment of tasks to
the sensors for RSO observations. However, prior methodologies rely on different datasets,
making it hard to make comparisons across methods. This paper presents satdatagen: a
software package that generates datasets that can be used as inputs to sensor task schedulers.
The datasets generated from the satdatagen library are intended to be used as a baseline
input to satellite sensor task schedulers. The datasets contain information about every
satellite that passes in view of the sensor such as its angle of altitude and its brightness.
Additionally, actual cloud cover data is included for optical telescopes that need to take
visibility into account while scheduling observations. satdatagen is simple to use, and does
not require excess outside knowledge from developers of scheduling tools.
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Chapter 1

Introduction

The population of objects in space is increasing rapidly. The space research community
works to maintain space domain awareness (SDA) by surveying these resident space objects
(RSOs) orbiting Earth and keeping an updated catalog of their whereabouts in order to
prevent collisions and manage space traffic. As of 2022 there were over 25,000 catalogued
objects in Earth’s orbit, and estimates predict an additional 58,000 satellites will be launched
by 2030 [1, 2]. The increase in density of objects in Earth’s orbit will result in more collisions,
creating debris that further increases collision risk for other objects. SpaceX, manufacturer
of the large Starlink satellite constellation, reported that they have had to perform almost
50,000 maneuvers in the past year alone to avoid collisions with debris and other space junk
[3]. Just in June 2024, during the writing of this thesis, a conjunction occurred that produced
over 100 new RSOs, and countless other debris objects too small to be tracked [4]. Although
there are attempts to mitigate debris with satellite re-entry procedures, the European Space
Agency (ESA) in their 2024 Space Environment Report noted that the current efforts still
lead to an "unsustainable environment in the long term" [5]. The current infrastructure for
tracking RSOs and dispatching conjunction warnings, which consists of ground-based and
space-based observatories, is overwhelmed by the growing density of objects in space [2].

We focus on the use of ground-based sensors and telescopes for tracking RSOs, although
space-based sensors or star trackers already attached to satellites are an area of future work
[6]. The ground-based sensors are a mix of optical telescopes, which mostly track objects
in low Earth orbit (LEO), and radar telescopes, which can reach deep space and objects in
geosynchronous Earth orbit (GEO).

The main catalog of satellite tracking data is maintained by the 18th Space Defense
Squadron (18th SDS) of the United States Space Force [7]. The 18th SDS has a network of
ground-based sensors, most of which are stationed on the northern hemisphere. Only one
radar sensor, capable of observing objects in deep-space, and only two optical telescopes are
located on the southern hemisphere. Their lack of geographic diversity makes it difficult
to keep track of RSOs that travel primarily over the southern hemisphere in their orbit
[1]. The space community schedules the use of the ground-based sensors to account for
their limited quantity and geographic placements in order to track and catalog almost every
object orbiting the Earth. Sensor tasking and optimization algorithms aim to improve the
schedules of the observatories to maximize the surveillance of orbiting RSOs.

This thesis introduces satdatagen, a Python library that can generate datasets of satel-
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lites for sensor task schedulers. Optimization methods for ground-based sensor tasking have
been proposed using reinforcement learning techniques and mixed integer linear program-
ming. When evaluating these methods there is no common input dataset of active satellites
available for fair comparison. satdatagen is a platform that enables researchers to create
these datasets by providing a location on Earth and a time range during which the obser-
vations should take place. The dataset generated contains the overhead satellites and their
locations during the inputted observation time, as well as their brightness and the cloud
cover probability.

This thesis aims to aggregate the relevant data needed for sensor task scheduling and
disseminate it in a simple format through the satdatagen Python package. First, we describe
recent task scheduler methods and other Python software packages made for astronomers.
Then, we explain the underlying astrodynamics of our model, how we determine whether
objects will be above an observatory, and how we calculate object brightness as well the
assumptions made based on previous works thereon. Next, we discuss how we collected our
data, and then we present the satdatagen library structure and its dependencies. Finally,
we evaluate an example dataset created using the satdatagen library.
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Chapter 2

Related Works

2.1 Task Schedulers

Efficient scheduling of sensors in a satellite-tracking network, particularly that of the 18th
SDS, is important to maintain space domain awareness and to monitor space traffic for col-
lision prevention. Tasking algorithms create schedules for sensors and sensor networks to
optimize RSO tracking. In this paper we will explore two tasking approaches that opti-
mize the satellite tracking process; the first formulates the optimization as a vehicle routing
problem, while the other uses reinforcement learning.

In satellite sensor tasking, the scheduler decides which satellites the sensor shall observe.
Optimizing this schedule can be formulated as a vehicle routing problem, as done with
the Deep Space Radar Scheduler (DSRS) in [8]. Blanks focuses on automatic, centralized
scheduling of the Space Force’s network of deep-space radar telescopes, whose schedules are
traditionally done independently and by hand. The DSRS minimizes cost, in particular
the time needed to compute observations, the time to move between observations, and the
expense of utilizing the sensors, while also being able to adapt quickly to sensor outages
or other operational scenarios. The DSRS was shown to have reduced slew time (the time
needed for the sensor to move between observations) and to have reduced the cost of oper-
ations compared to alternative scheduling algorithms across many numbers of tasks. While
developed for deep-space sensors, the structure of the DSRS can be translated to other satel-
lite sensor tasking problems by revising the input network of telescopes to account for those
that track objects in other orbits.

Other approaches to satellite sensor tasking employ reinforcement learning (RL) to create
a schedule [9]. They explore using single- and mulit-agent RL to optimize the task schedules,
where each agent is a space-based sensor and they make decisions based on predefined policies
and feedback from a reward function tailored to maximize or minimize a certain metric, such
as the number of RSOs observed. Their multi-agent experiment utilizes several agents who
work independently to assign tasks to their sensors, with a governing scheduler in charge of
keeping track of which tasks have already been completed. The data inputted to evaluate the
the single- and multi-agent systems and different reward functions are randomly generated
RSOs using Monte Carlo simulations. Their RL systems performed better than the baseline
myopic, greedy agents that only consider instantaneous reward, and were robust to increasing
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Figure 2.1: The network of sensors/telescopes employed by the United States Space Force
to upkeep their Space-Track database. Dedicated sensors operate only for SDA missions,
collateral sensors support other missions in addition to SDA, and contributing sensors operate
for SDA missions when needed. Figure from [1].

numbers of tasks.
Although the DSRS and the RL approach examine sensor tasking for ground-based and

space-based sensors, respectively, their optimization and training can be applied to ground-
based networks of telescopes. To directly compare their scheduling capabilities, we can
employ satdatagen to generate a dataset of satellites that would need to be observed over a
period of time. Using this dataset as an input to both the DSRS as designed in [8] and the
RL single- and/or multi-agent system as designed in [9], we can then evaluate which method
can schedule the most observations of RSOs, as well as their computational performance.

2.2 Related Python Libraries

There are many existing Python libraries to assist with astronomical research, some of which
we rely on for satdatagen’s functionality. The packages of note are astropy [10] and
poliastro [11], both of which provide straightforward Python application programming
interfaces (APIs) for astronomy applications.

The Astropy Project was first developed in 2013 [10]. Inspired by other libraries such as
numpy or scipy, which catered towards scientists, astropy is catered towards astronomers.
The package provides a structure to easily convert between units, time scales, and coordinate
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frames. Users would have to perform tedious calculations and implement complicated algo-
rithms themselves to achieve this common functionality without a dedicated library. The
astropy library and its associated sublibraries are primarily written in Python, relying on
existing packages for certain features, with some additional code written in C. Additionally,
astropy has integrated numpy arrays into its class structure, so most astropy objects are
easily manipulated using common numpy functions.

Another Python library is poliastro [11], which focuses on astrodynamics applications
and provides an API for visualizing orbits. poliastro is intended for a similar audience
as astropy, but its functionality focuses more on studying the movements of space objects.
The poliastro library uses astropy.units, astropy.time, and astropy.coordinates
modules to control unit conversions, time objects, and coordinate frames in their high-level
interface. This allows users to interact with a similar API to what they may be used to
with the existing astropy, while the lower-level layer – the Core API – of poliastro deals
with pure Python and numpy types in its algorithms as passed from the high level API to
improve performance. Some algorithms implemented in the Core API include propagation
algorithms, which are used to calculate an object’s position in the future based on its orbit
and other motion parameters. However, poliastro does not have the Simplified General
Perturbations #4 algorithm implemented (explained more in Section 3.1.2), which is the
propagation algorithm employed by satdatagen, and therefore we do not use poliastro in
our Python library.

Our satdatagen library is similar to poliastro. We provide a fully Python interface for
astronomers which relies on existing data structures from the Astropy Project to perform
necessary conversions and transformations. satdatagen, however, is a domain-specific pack-
age, made for the use-case of satellite sensor task schedulers. While users could also analyze
satellite movement, our package’s primary purpose is for creating datasets to evaluate these
schedulers.

17



18



Chapter 3

Methods

This chapter explains our methodology for assembling the datasets generated by satdatagen.
These datasets include the RSOs that are overhead of the sensor during the period of obser-
vation. First we describe how we determine which RSOs are viewable from the sensor during
the observation time, starting with how we propagate them along their orbit and then how
we transform the coordinates to calculate their angles of elevation. Next we explain three
methods to calculate the brightness of an object and the assumptions we make about the
physical properties of the satellites. Finally, we present the sources from which we collect
data on satellite location and size, and cloud cover.

3.1 Determining Overhead Satellites

The objective of the satdatagen library is to generate datasets for use as inputs to satellite
task schedulers. The satellites included in these datasets are those that pass overhead of
the sensor of interest. We consider any object to be overhead whose angle of altitude with
respect to the Earth location of the observatory exceeds 10◦, explained further in Section
3.1.3. The following subsections explain how we extract the positions of satellites and how
we propagate them in time to the desired time range for scheduling, before calculating their
altitude.

3.1.1 Two-Line Elements

In order to determine the locations of RSOs we require information regarding their orbits
and recent positions, which is collected in the form of Two-Line Elements (TLEs). From
a TLE, we extract coordinates for the objects’ positions and velocities, and use these to
determine when objects will pass over the observatory.

A TLE is a data structure consisting of two strings, or lines, with 69 characters each. The
lines are encoded with multiple data values relating to an object’s motion and use spaces
as delimiters. The information in a TLE communicates an object’s position and direction
of motion along its orbit during the time of observation (epoch), which allows us to predict
where the object will be in the future [12].

The 18th Space Defense Squadron (18th SDS), our source for object TLEs, creates the
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TLEs by observing the objects with their network of sensors and telescopes, and uses the
Simplified General Perturbations #4 (SGP4) model to quantify the objects’ motion [7]. The
SGP4 model defines the algorithms and astrodynamic assumptions to use when formulating
an object’s position from the values encoded in the TLE and propagating it along its orbit,
explained further in Section 3.1.2 [13].

TLEs from the 18th SDS are updated about every 8 hours and uploaded to space-track.
org. We retrieve the TLEs used in satdatagen from the space-track website, requesting for
the TLEs created on the date of interest specified by the user. Because up to three TLEs will
be returned in each request, we filter for the TLE that was created closest in time to the start
time of the user’s time range. Our method of retrieving these TLEs from space-track.org is
explained in more detail in Section 3.3.1.

3.1.2 Propagation

The Simplified General Perturbations #4 (SGP4) model is used to create TLEs and predict
future positions of satellites by propagating them along their orbits. There are other models
for satellite position prediction which handle calculating for variations in the object’s motion
and orbit such as "incorporation of resonances, third-body forces, atmospheric drag, and
other perturbations" differently than SGP4 [13]. However, the 18th SDS recommends SGP4
as the sole propagation model to use on their TLEs to produce the most accurate results
[14]. The astrodynamics equations for extracting position and velocity coordinates from
data encoded in a TLE, and FORTRAN code to solve these equations, are explained in
more detail in [15]. In 2008, Vallado et al. published a followup to the original SGP4 paper
which standardizes the SGP4 propagation algorithm and provides the code for it in C++,
FORTRAN, MATLAB, and Pascal.

In the satdatagen library, we use the sgp4 package for satellite propagation, which
compiles the standard C++ code from [13] into Python. This is the library poliastro
recommends for propagating satellites from TLEs. The sgp4 library also has functionality
to propagate several RSOs at once through the same time range using its SatrecArray class.
We utilize this class in satdatagen to quickly propagate thousands of RSOs forward in time
in parallel.

3.1.3 Coordinate Transformations

Once we know the positions of satellites at the desired observation time, we need to verify
that they will be in sight of the observatory. In order to tell whether an object is overhead
of a position on Earth, we need to find its coordinates relative to the observatory location on
Earth and calculate its angle of altitude (sometimes referred to as elevation). The altitude
describes how far above or below the horizon an object is, with an angular value ranging
from −90◦ to 90◦. A positive altitude means the object is above the horizon and possibly
visible (depending on brightness and weather conditions), with 90◦ being directly overhead.
A negative altitude means the object is hidden below the horizon. We consider any object
having an altitude of greater than 10◦ to be sufficiently above the horizon to be visible.

We perform several transformations on the coordinates evaluated from the TLEs to get
an RSOs angle of altitude. The SGP4 algorithm extracts position and velocity coordinates
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of an object in the True Equator Mean Equniox (TEME) coordinate frame. TEME is
an Earth-centered inertial (ECI) frame whose origin lies at the center of the Earth. ECI
frames are static and do not rotate along with the Earth. After rotations and translations,
we convert the object’s TEME coordinates to coordinates in an Earth-fixed topographical
frame to perform the altitude calculation with respect to the observatory’s ground location.
This new frame rotates along with Earth, and the origin lies on the surface of the Earth at
the latitude and longitude of the observatory.

The Python library astropy, as described in [10], provides functionality to execute these
transformations, which we employ in the satdatagen source code. The rest of this section
will explain the basic rotations and translations required to convert TEME coordinates to
an Earth-fixed topographical frame for calculating altitude, while more information on the
algorithms and physics behind these calculations can be found in [16, 10].

South-East-Zenith

We convert the RSOs’ coordinates to the Earth-fixed, topographical South-East-Zenith
(SEZ) frame. From a location on the surface of the Earth, in our case from the obser-
vatory, the Ŝ vector points due south, the Ê vector points due east, and the Ẑ vector is
orthogonal to the Ŝ-Ê plane, pointing away from the Earth’s surface. A simple trigono-
metric relationship between an object’s coordinates and its altitude makes the SEZ frame
especially convenient:

sin(alt) =
ρZ
ρ

(3.1)

where alt is the angle of altitude, ρ is the vector from the observatory to the object, and
ρZ is the Ẑ component of the vector.

Once we have the objects’ coordinates in SEZ, we find their angles of altitude with ease
using Equation 3.1 and determine which are visible (assuming brightness and good weather)
using our constraint of 10◦. However, we first perform several rotations to convert from
TEME, an ECI frame, to an intermediate Earth-centered Earth-fixed (ECEF) frame defined
by the International Terrestrial Reference System (ITRS), and then finally to SEZ. These
rotations account for the wobbly nature of the Earth’s spin about its axis and the conversion
from an inertial frame to a fixed frame (with respect to the Earth).

We need to know the coordinates of the observatory in ITRS in order to move the origin
from the center of the Earth to the surface. Therefore the intermediate transformation of
the observatory’s and the object’s coordinates to ITRS is necessary for translating the origin
and then rotating to the SEZ frame.

TEME to ITRS

The Earth’s spin about its axis is affected by the other celestial bodies in the Solar System,
whose gravitational influences cause the equator and poles to shift over time. We also have
to consider where along its rotation the Earth will be at the time for which we convert the
coordinates, which is known as sidereal time. We use the Prime Meridian as a reference
for determining sidereal time, then rotate again to the observatory’s longitude. In total
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we perform four transformations by applying rotational matrices to the TEME coordinates
to convert them to ITRS. These transformations are time-dependent and account for the
following motions, as described in [17] and [16]:

1. Precession (P): the large-scale motion of the polar axis of rotation, caused by gravi-
tational forces of the other planets.

2. Nutation (N): the quasi-periodic variability of the pole with respect to precession,
caused by the moon exerting a torque on the Earth due to its bulging at the equator.

3. Sidereal Rotation (R): the amount of rotation the Earth has completed in its period.

4. Polar Motion (W): the small, unpredictable variation in the direction of the polar
axis, which is measured empirically.

We apply these rotations as matrix multiplications to the TEME coordinates in Equation
3.2.

⃗rITRS =
[
W(t)

][
R(t)

][
N(t)

][
P(t)

]
⃗rTEME (3.2)

Where ⃗rTEME is the 3-dimensional vector of the object’s TEME coordinates, ⃗rITRS is the
final 3-dimensional vector of the object’s coordinates in the ITRS frame, and t is the time
at which the coordinates are transformed.

The precession and nutation matrices are built by considering the positions of the sun,
moon, and other planets of the solar system with respect to the Earth and calculating their
gravitational effects on the Earth’s rotation at the time of transformation. More detail on
this computation can be found in [16]. The sidereal matrix is determined by the Greenwich
Mean Sidereal Time, θGMST , which defines longitudinal angle of the Greenwich (Prime)
Meridian with respect to the TEME celestial frame. The Î vector of ITRS frame points
towards the Prime Meridian.

To calculate θGMST we convert our desired observation time to its Julian Date, defined
as the number of days since the Julian period with midnight on January 1, 2000 having a
Julian Date of 2451545.0. We can then use the equation developed by Simon Newcomb to
find the θGMST in degrees [16]:

θGMST0h = 100.4606184 + (36000.77005361)T + (0.00038793)T 2 − (2.6x10−8)T 3 (3.3)

Where T is the number of Julian days corresponding to the observation date at midnight,
or the truncated Julian Date in integer form. To find the precise Greenwich Mean Sidereal
Time for the time of observation we adjust the θGMST0h found in Equation 3.3 with the
Earth’s mean angular rotation in degrees per seconds and the remaining time from the
pre-truncated Julian date in seconds. The precise θGMST is found with Equation 3.4:

θGMST = θGMST0h + ω ∗ T (3.4)

Finally, the polar motion rotational matrix is determined by the polar motion coordinates
xp and yp. The International Earth Rotation and Reference Systems Service measures and
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publishes these coordinates daily [18]. More detail on the formation of the sidereal and polar
motion rotation matrices can be found in [16] and [17].

We use the astropy.coordinates module of the astropy library to perform the trans-
formation from TEME to ITRS coordinates with the transform_to method. We do not
re-implement any code or algorithms for building the rotation matrices and solving Equa-
tion 3.2 in satdatagen, because the Astropy project uses the same methods as detailed in
[16] for its computations [10].

ITRS to SEZ using astropy

Converting from ITRS to SEZ involves a translation and rotation of coordinates. We trans-
late the ITRS coordinates to the surface of the Earth where the observatory lies, then we
rotate the system so the Î vector points due south, the Ĵ vector points due east, and the
K̂ vector points away from Earth’s surface. We convert the latitude and longitude of the
observatory location to ITRS coordinates by creating a EarthLocation object from the
astropy.coordinates module. Then we call the get_itrs method, which takes as an
argument the time of observation, to get the observatory’s coordinates.

r⃗topo = r⃗RSO − r⃗observatory (3.5)

Equation 3.5 performs the translation to get the coordinates of the object in a topograph-
ical reference frame. The next step would be to rotate the system to SEZ, as we described
above, and then solve for the altitude. The astropy library allows us to complete both
steps at once by applying the transform_to method on the topographical coordinates of
the object, and specifying the observatory’s EarthLocation object, the observation time,
and the altitude/azimuth destination format as input parameters. This final transformation
returns the altitude of the object, which we check against our constraint to see if it could be
visible.

The Astropy Project integrated their library with the numpy package, which means
astropy objects can be manipulated the same as numpy arrays. numpy has the benefit
of performing quick, parallel computations on very large arrays. We take advantage of this
feature in satdatagen by storing the TEME coordinates of all objects in a multi-dimensional
array and computing the altitude for all of them in parallel. This technique allows us to
avoid for loops, which add a lot of computation time for large arrays in Python.

3.2 Determining Object Brightness

satdatagen provides users with information on object brightness at the time of observation.
Task schedulers for optical sensors rely on whether or not an RSO is visible to the sensor
to decide to schedule an observation for that object. We use the apparent visual magnitude
(AVM, Mv) as a metric of object brightness. AVM follows a reverse logarithmic scale, with
brighter objects having lower magnitudes. We calculate AVM by relating the magnitude of
the main light source, the sun (Mv = −26.78), to the size and reflectivity of the object and
the phase angle. The phase angle is defined as the angle between the sun, the satellite, and
the Earth, illustrated in Figure 3.1. Because the phase angle depends on the position of the
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RSO, it is necessary to calculate AVM for every satellite that crosses into the field of view
of the observer during every observation time-step.

Figure 3.1: The phase angle is defined as the angle between the Earth, satellite, and sun.

In this thesis we discuss three methods for calculating AVM: Krag’s [19], Hejduk’s [20],
and Molczan’s [21]. We consider these three methods because they provide simplifications for
calculating AVM while still preserving relative accuracy. Users of satdatagen can choose
which approach to use to calculate AVM for their datasets. The most precise method of
determining AVM is by imaging, but it’s infeasible at the current time to measure the
brightness of every object visually. An object’s brightness can differ by up to 4 magnitudes
depending on the position of the sun, so we provide AVM calculations for every time step in
the time range defined by the user [22]. The user of our Python package is able to choose
which of the three methods to employ when determining AVM for the objects in their dataset.

3.2.1 Assumptions

Before discussing the Krag, Hejduk, and Molczan methods for calculating AVM, we will
detail the assumptions we make about RSOs and their physical properties.

Spherical Objects

The amount of visible surface area of an object contributes significantly to its brightness.
Object dimensions, shape, and orientation, which are factors in determining surface area, are
often not published nor easily accessible – especially for debris, which account for a significant
portion of RSOs, as notable in Figure 3.2. Therefore, we make the general assumption that
all objects take a spherical shape when applying the three AVM calculation methods. This
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assumption allows us to ignore uncertainties regarding object orientation. For example, when
viewing a cylindrical rocket payload, the observer could see a flat plane or a rounded surface,
or some combination of both. The flat plane of the cylinder could exhibit vastly different light
reflections than the rounded surface by virtue of its material and orientation with respect
to the sun. Conversely, a spherical object would have uniform reflection regardless of its
orientation with respect to the sun and Earth. Determining an object’s orientation with
respect to the Earth is outside the scope of this work.

Figure 3.2: Object classes and their quantities as defined by the ESA’s Database and Infor-
mation System Characterising Objects in Space

Radar Cross-Section (RCS)

The approximate size or surface area of an object is determined by analyzing a distribution of
radar cross-section (RCS) data. NASA developed the Size Estimation Model (SEM) to map
RCS data to an estimated spherical diameter (ESD) for an RSO [23]. The ESD corresponds
to the cross-sectional area of the sphere that would have produced the same reflected energy
that was measured by the radar [24]. We assume the spherical cross-sectional area from the
RCS data is the same as the surface area of the RSO that is visible to the observatory when
calculating AVM.

Reflectivity

An object’s material affects its reflectivity, or albedo. As with the size and orientation of the
object, the reflectivity also requires observations and measurements to precisely determine,
which is outside the scope of this project. We assume an albedo coefficient of ρ = 0.1 or 10%
reflectivity, which accounts for satellite manufacturers’ efforts to reduce material brightness
and produced accurate AVM values, explained further in Section 3.2.5 [25].
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3.2.2 Krag Method

Krag’s method of calculating AVM was published in 1974, taking inspiration from similar
work done by McCue et al. in 1971 [19, 26]. Krag’s approach to determine the AVM of an
object uses the magnitude of the sun as a reference value, and then corrects for its shape,
size, reflectivity, distance from the observer, and phase angle.

Mv = −26.78− 2.5 ∗ log
(ρA ∗ F (ϕ)

R2

)
(3.6)

In Equation 3.6 Mv is the AVM value, A represents the surface area of the object, and
ρ is the reflectivity coefficient. The phase angle correction is performed by inputting the
phase angle, ϕ, into a phase function, F (ϕ). The phase function applied in Equation 3.6
models the object as a diffuse sphere. Other phase functions account for object shape and
whether the reflection off an object is diffuse or specular. Diffuse reflection means that the
light scatters when reflected and the surface appears matte, whereas for specular reflection
the light is reflected directly at an angle, and the surface of the object appears reflective like
a mirror. For example, a sphere whose surface is totally diffuse has the phase function:

Fd(ϕ) =
2

3π2
[(π − ϕ) cosϕ+ sinϕ] (3.7)

,
while a sphere with totally specular reflection has the constant phase function:

Fs(ϕ) =
1

4π
(3.8)

.
While Krag’s method introduces the possibility for objects with different reflective ma-

terials, it assumes that an object has either totally diffuse or totally specular reflection.
When calculating AVM using Krag’s method in the satdatagen library, we assume that the
reflection off the object is totally diffuse and solve for AVM using Equation 3.6.

3.2.3 Hejduk Method

The second method we have to calculate AVM for an object is Hejduk’s [20]. The Hejduk
method is similar to Krag’s in principle, but it allows for an object’s surface to have both
specular and diffuse reflection components. Many satellites, such as those in the SpaceX
Starlink fleet, have large solar arrays attached to an inner bus [27]. The material of the solar
arrays will reflect light specularly, while the material on the bus may scatter light more.
Hejduk’s equation, shown below in Equation 3.9, allows us to account for the reflections
from the many materials on objects in space.

Mv = −26.78− 2.5 ∗ log
(ρA ∗ [ηFd(ϕ) + (1− η)Fs(ϕ)]

R2

)
(3.9)

Equation 3.9 introduces a mixing coefficient, η, which controls the percentage amount of
phase angle correction for diffuse reflection. The remaining percentage is assumed to be the
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specular reflection component, so the phase function for specular reflection is also included
in the equation.

The exact amount of specular or diffuse reflection for each object is unknown, but Hejduk
found that most rocket bodies and debris are more diffuse than specular, so we assume an
η of 0.8 or 80% diffuse response [20]. Users of satdatagen who choose to use the Hejduk
method to calculate AVM of objects can change the default η value as they see fit.

3.2.4 Molczan Method

Finally, we detail Molczan’s approach for calculating AVM. This method was developed by
amateur astronomer Ted Molczan, who reformatted the apparent magnitude, used to mea-
sure brightness of stars, for satellite applications. He assembled a catalog of values he calls the
intrinsic magnitudes, M90◦ which represent the average brightness of objects as they travel
through their orbits [21, 28]. The intrinsic magnitude is defined as the object’s brightness
or AVM when it is 1000 km away and is at a phase angle of 90◦. To calculate an object’s in-
stantaneous AVM, Molczan uses Equation 3.10 which corrects for the object’s actual phase
angle and distance from the observer at the time of observation. These adjustments are
referred to as the phase correction and the distance correction, respectively.

Mv = M90◦ + PhaseCorrection+DistanceCorrection (3.10)

The equation used for phase correction is shown below in Equation 3.11, and the distance
correction in Equation 3.12.

PhaseCorrection = −2.5 log(sinϕ+ [π − ϕ] cosϕ) (3.11)

DistanceCorrection = 5 log(|r⃗los|)− 15 (3.12)

The intrinsic magnitude is measured when the object is at a 90◦ phase angle with the
observer and the sun, so the maximum orientation correction is 90◦ because the phase angle
will never exceed 180◦. More likely only smaller corrections are necessary, because objects
with large enough phase angles can be eclipsed by the Earth and completely in shadow, no
longer visible.

Molczan’s equations produced accurate AVM values (discussed more in Section 3.2.5, but
the catalog does not include intrinsic magnitude M90◦ values for many satellites currently
in orbit. In the case where we do not have an M90◦ for an object, we use Krag’s method to
estimate the M90◦ , inputting a phase angle of 90◦ and a distance of 1000km to Equation 3.6.
Then we continue with the phase and distance corrections as in Equation 3.10 to compute
an AVM value.

3.2.5 Evaluation and Validation

We compared their results of the Krag, Hejduk, and Molczan equations against each other as
an initial evaluation. For satellites whose M90◦ intrinsic magnitude is in Molczan’s catalog,
we estimated their brightness as they passed overhead of Westford, Massachusetts, where
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the Haystack Observatory is located. We also assumed η = 0.8 for the Hejduk equation.
Most AVM values produced by the three methods were within 1 magnitude of each other.

We also validated the three methods to compute AVM against results from the website
in-the-sky.org. In-the-sky is an amateur astronomy project developed by Dominic Ford.
Users can input their location and in-the-sky will produce a list of the registered satellites
that pass overhead of the user along with their brightness during the passes. We compared
the results of our AVM calculations from Krag’s, Hejduk’s, and Molczan’s equations against
the results listed on in-the-sky (whose AVM determination method is unknown) and found
them to be within 2 magnitudes of each other.

Users of satdatagen creating datasets for optical telescopes can compare the AVM values
with the sensitivity of their sensor to discern whether objects will be visible.

3.3 Data Collection

3.3.1 Retrieving TLEs

We retrieve the TLEs from the 18th Space Defense Squadron by interacting with the ap-
plication programming interface (API) of their space-track.org (space-track) website via
Hypertext Transfer Protocol (HTTP) requests. We use the Python library requests to
send an HTTP GET request to the space-track.org server, which queries their databases for
the desired satellite TLEs. We send the GET request using a URL formatted as specified in
the space-track API.

This request returns a list of JavaScript Object Notation (JSON) objects, one for each
TLE, sorted in order of the NORAD identification number given to every object at launch/dis-
covery. Because there can be multiple observations of an RSO per day, the query may return
multiple TLEs for an RSO. The satdatagen user provides a time range for which they will
run their sensor task scheduler. We search through the request results to find only the TLEs
that were recorded to have been observed closest to and before this time range.

Space-track requires that anyone seeking data through their API create a login to space-track.
org. This requirement allows them to limit the amount of requests users can make at one
time so as not to overwhelm their servers. Users of satdatagen therefore need to create
space-track.org login credentials for themselves as a prerequisite to generating datasets with
the library.

3.3.2 Retrieving Object Sizes

Knowledge of the sizes of RSOs is needed for accurate AVM calculations. To protect their
designs, major commercial manufacturers like SpaceX often do not publish the dimensions of
their satellites. Additionally, collision-borne RSOs and other debris may have never been on
Earth, so their sizes also need to be determined remotely. As described in Section 3.2.1, we
use the average cross-sectional area as computed from Radar Cross Section measurements
to assume an object’s surface area as seen from Earth.

Average RCS data with units meters squared for most RSOs is published in the ESA’s
Database and Information System Characterising Objects in Space (DISCOS). Using their
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DISCOSweb API, we send HTTP GET requests to retrieve the RCS sizing data and other
basic information for every object in their database. This includes the minimum, maximum,
average cross-sectional areas as estimated by RCS scanning, and the classification of the
object as made by the ESA. The ESA classifies objects based on their purpose, with classes
such as "Payload" or "Rocket Fragmentation Debris." The full list of object classes defined
by the ESA can be seen in Figure 3.2 in Section 3.2.1. Unfortunately there are some objects
in the DICSOS whose approximate sizes are entirely unknown or unmeasured. In order to
still provide an approximate AVM value for these unmeasured RSOs, we take the average
size of each ESA object class and assign the RSO the corresponding average size. Because
object sizes are not expected to change often, nor are they measured often, we only perform
this data collection one time and store the results in a Python dictionary that we read from
during AVM calculations.

3.3.3 Finding Cloud Cover Information

satdatagen provides users with historical cloud cover information so that sensor task sched-
ulers, particularly for optical sensors, can account for scenarios with outages or a sensor being
offline due to low visibility. Our cloud cover data is retrieved from the Open-Meteo API, an
open-source free weather API [29]. They collect and aggregate weather data from several
datasets of the European Centre for Medium-Range Weather Forecasts. The cloud cover
information comes from the ERA5 dataset, which provides hourly data and updates daily
with a delay of five days, but has data available going back to 1940 [30]. The cloud cover
data from the ERA5 dataset represents the "proportion of a grid box covered by cloud," and
will be a value between 0 and 1.

If a user desires accurate weather information, they must choose their time range for
their generated dataset to be more than five days prior to the current date. The cloud cover
data we receive only has resolution to the hour, so each time we propagate the objects to is
rounded to the nearest hour to estimate its cloud cover.
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Chapter 4

Results

In this chapter we share the structure of satdatagen datasets and the information contained
therein. We then explain the programming interface and the Object Oriented Programming
(OOP) principles we applied to simplify use of satdatagen for developers. Next, we discuss
the time it takes to generate datasets of varying sizes, and finally we create an example
dataset of 500 satellites and their passes over the Haystack Observatory in Westford, Mas-
sachusetts.

4.1 satdatagen Library Structure

satdatagen builds datasets to be used as inputs to satellite sensor task schedulers. Users
of our Python library input information about their sensor and the duration for which they
will schedule its tasks, and satdatagen outputs a dataset in the form of a Python dictionary
or a .JSON file.

The dataset includes information about satellites that pass overhead of the sensor or
observatory during the time range of interest. Satellite data includes its name, satellite ID
number, AVM, angle of altitude when it passes over, and the TLE used to propagate the
satellite to that location. Additionally, the time at which the satellite passes overhead is
included as a timestamp, and the probability of cloud cover over the ground location is
included in the dataset. We format the dataset as a dictionary so that the information is
accessible through simple Python commands, as well as easily translated to JSON to be
stored in a .JSON file.

An example scenario of generating a dataset is described in section 4.3, as well as more
detail about the contents of the dataset. The remainder of this section describes the usage
and structure of the satdatagen software library. The entire source code and further usage
instructions for satdatagen can be found at github.com/ahgolden/satdatagen.

4.1.1 Installation and Integration

The satdatagen package is accessible through the Python Package Index (PyPI), Python
software repository that hosts over 500,000 projects [31]. Most custom Python libraries,
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Figure 4.1: Flowchart of the satdatagen computation process

including astropy and poliastro, are hosted on PyPI. PyPI simplifies software package
integration by enabling installations with a single command.

Users install satdatagen with the command python3 -m pip install satdatagen.
After installation, satdatagen can be integrated into any Python project by including the
command import satdatagen at the top of the Python file.

4.1.2 Dependencies

The satdatagen library is an open-source package that is distributed through the Python
Package Index. The package relies on other Python libraries such as the built-in pickle and
json modules, as well as numpy, requests, and domain-specific packages like astropy and
sgp4.api. The full list of dependencies can be found in Appendix B. If these packages are
not already in the user’s current Python environment, they will be installed automatically
upon installation of the satdatagen library.

The main package satdatagen relies upon is the astropy library, which contains three
main modules: astropy.coordinates, astropy.time, and astropy.units. The mod-
ule astropy.coordinates includes functionality for performing coordinate transformations,
most importantly from the TEME frame to the SEZ frame for determining objects’ angles
of altitude, as explained in 3.1.3. The astropy.time module defines data structures for
time values. These data structures allow for easy conversions between different formats and
scales. For example, Equations 3.3 and 3.4 require a Julian Date. We call astropy.time
functions in satdatagen to compute the Julian Date from a time inputted in the Coordi-
nated Universal Time (UTC) scale. The astropy.units module handles assigning units to
values, and supports implicit conversions between compatible units.
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4.1.3 Classes

Users of satdatagen employ object-oriented programming (OOP) principles to generate
their datasets. The two primary object types are TimeRange and GroundLocation.

TimeRange

A TimeRange object defines the duration for which the telescopes will be scheduled, hold-
ing the time steps from start to end. The time steps are stored as a numpy array of
astropy.time Time objects in the TimeRange.times variable. This list later gets passed as
an input parameter into astropy.coordinates functions.

Table 4.1 shows the input parameters and their data types required to instantiate a
TimeRange object. Parameters in brackets are optional inputs.

Table 4.1: TimeRange Class Constructor Inputs. Parameters in brackets are optional to
instantiate a TimeRange object.

Parameter Description Data type

start_date The date and time in UTC to begin the sensor tasking datetime, str
scheduling.

periods The number of time-steps to include in the time range. int

[end_date] The end date and time in UTC of the sensor tasking datetime, str
scheduling period.

[delta] The time in minutes between each time-step in the int
time range

The start_date and end_date parameters can either be strings (of type str in Python)
or datetime objects. The strings must be formatted in ISO Date Time Format, which
takes the form yyyy-MM-ddTHH:mm:ss. The Python datetime library is commonly known
among developers, and is compatible with astropy.time Time objects, so we have made
TimeRange compatible with its objects as well. The constructor converts the start and end
dates to astropy.Time objects and creates the intermediate time steps upon instantiation.
We constrain the start_date and end_date input types to be str or datetime instead of
astropy.time Time objects to make satdatagen more accessible to Python developers who
are unfamiliar with the astropy library.

GroundLocation

A GroundLocation object holds the information for where the sensor/observatory lies on
Earth. The constructor accepts the latitude and longitude as type float of the desired
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location, as well as a TimeRange object representing the duration of observation. The lat-
itude and longitude are stored as an astropy.coordinates EarthLocation object, which
is needed to perform topographical coordinate transformations as described in 3.1.3.

The GroundLocation class is the foundation for generating a dataset. Once users instan-
tiate a GroundLocation object they can call the class method generate_dataset to have
satdatagen generate a dataset. generate_dataset takes several optional parameters to
allow users to customize their sensor task scheduling dataset to their needs. These optional
parameters are:

• avm_method: users input their choice of which method to use to calculate AVM of the
objects as described in Section 3.2. Requires a string of either ’krag’, ’hejduk’, or
’molczan’. The default is Krag’s method.

• limit: users specify the maximum number of RSOs to be included in their dataset.
The default is 1000.

• orbit: users specify whether they would like to filter their dataset to only include
RSOs in a certain orbit. Requires a string of either ’LEO’ for low Earth orbit, ’MEO’
for medium Earth orbit, ’GEO’ for geosynchronous Earth orbit, or ’all’ for no filter.
The default is no filter applied.

• output_file: users can input the path to a .JSON file to which the dataset will
automatically be saved. Requires a string of a file path. The default value is None, the
dataset will not be saved to any file.

4.2 Dataset Generation Time

In this section, we will evaluate how long it takes satdatagen to generate a dataset, and
which parts of the process take the most time to compute.

Since users can choose to limit the number of satellites included in their datasets, we ran
tests over several sample sizes. We chose the number of satellites to include in the datasets
based on the problem sizes tested on the DSRS, a sensor tasking scheduler we described
in 2.1. The problem sizes tested on the DSRS represent the number of observation tasks
assigned to the sensors per session, in other words: the number of satellites that needed
tracking for that period.

As expected, it takes longer to generate larger datasets than it does to create smaller
datasets. We recommend that users limit the number of satellites to include in their dataset
to reduce the time for generation. If all satellites that pass overhead of the observatory are
represented, the data set could take several minutes to generate. While 45 seconds seems
like a significant amount of time for a program to run, it adds a negligible amount of time
to the sensor task scheduling process. According to [8], the DSRS took at most 168 minutes
to generate a schedule for 140 tasks, and at least 34 minutes to generate a schedule for 200
tasks. satdatagen allows for an automated process to create input datasets for the DSRS
and other schedulers, while adding insignificant time to the overall procedure.
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Table 4.2: Dataset Generation Times

Task size Time (s)
80 13.21
100 14.52
120 15.47
140 15.56
200 17.56
260 20.22
500 30.53
1000 45.38

Furthermore, we can break down the dataset generation into the different parts shown
in the flowchart in Figure 4.1, and evaluate the timing of each step in the process. We
measured the times on a dataset that was generated with 500 satellites to better emphasize
the components that take the most time to compute. The amount of time for each step to
create a dataset of 500 satellites is shown below in Table 4.3.

Table 4.3: Individual Process Component Times to Generate a Dataset with 500 Satellites

Step Time (s)
Get cloud cover 0.58
Get TLEs 8.36
Propagate satellites 0.23
Transform coordinates 1.62
Filter for overhead satellites 0.04
Calculate AVM 17.28
Other processing 1.01
Total 29.12

The steps that consume the most time are calculating the AVM and retrieving the TLEs
from space-track.org. Other steps, such as propagating the satellites or transforming their
coordinates, take significantly less time because their computations are able to be done in
parallel for each satellite. This is attributable to numpy arrays being especially efficient with
element-wise operations, even with large dimensions. The AVM calculations, however, are
done in series because we need to retrieve the size of each satellite from the dictionary which
stores the RCS data from DISCOS. We must loop over an array of over 500 elements, search
through the dictionary for the objects’ sizes, and perform the computations to get the AVM.

The database that we query from on space-track.org is their historical General Perturba-
tions database, which contains all recorded TLEs dating back several decades. We request
thousands of lines of data from this huge database, so our query takes longer to produce
results. However, the response time from space-track is not dependent on the number of
satellites requested in the satdatagen generated database, so as more satellites are repre-
sented this query time becomes less significant.
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4.3 Example Scenario

We now present the process of generating an example dataset using satdatagen. We will
create a dataset to schedule the radar telescopes at Haystack Observatory, located in West-
ford, Massachusetts. With only limited lines of code we can create a dataset and save it to
a .JSON file for easy access from other scripts. We use the following parameters listed in
Table 4.4 to create a TimeRange object as defined in the satdatagen library.

Table 4.4: Parameters to Create TimeRange Object

Parameter Value
start_date ’2024-06-18T18:00:00’
periods 24
delta (minutes) 30

This TimeRange is defined to start on June 18th, 2024 at 18:00 UTC, and the satellites
are propagated forward in time by 30 minutes 24 times, which means our time range spans
12 hours in total. Objects in low Earth orbit (LEO) have periods as small as 90 minutes, but
we expect a 30 minute propagation period to be able to catch the RSOs that pass overhead
despite their fast speed. The Haystack Observatory houses the Haystack Ultrawide Satellite
Imaging Radar, which can function regardless of cloud cover or night-time visibility. If users
are creating datasets for optical sensor tasks, they should ensure that their time range goes
through the night for best satellite brightness and visibility.

Next, we input this TimeRange object into the constructor of a GroundLocation object,
along with the other necessary parameters such as latitude and longitude of the Haystack
Observatory.

Table 4.5: Parameters to Create GroundLocation Object

Parameter Value
space_track_credentials ’/path/to/space-track/credentials.JSON’
lat 42.58
lon -71.44
time_range see TimeRange object above

Now that we have our GroundLocation object instantiated, we can run the method
generate_dataset. As described in Section 4.1.3, the generate_dataset class method has
several optional parameters the user can input to tune the generated dataset for their precise
scheduling problem. For example, a sensor that has a slow slew rate would not be able to
complete an assignment that includes over 200 tasks. Or, as with the DSRS, some radar
sensors are equipped to observe only objects in deep-space, and some optical sensors can
only observe objects in LEO. Users can also filter to generate datasets that only include
objects in LEO or deep-space. These choices to limit or filter the results are made as inputs
to the GroundLocation class method generate_dataset.

We limit our sample dataset to include 500 satellites, with no filtering for orbit. Each
pass that a satellite makes overhead of the observatory is documented in the dataset. The
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code used to generate this example dataset can be found in Appendix A. An example pass
of satellite with ID 28661 and its corresponding data is listed in Table 4.6 below.

Table 4.6: Example Overhead Pass of Satellite 28661

Key Value
Name BREEZE-M DEB (TANK)
Time 2024-06-19T01:30:00
Altitude dms_tuple(d=17.0, m=2.0, s=39.56494867818378)
Azimuth dms_tuple(d=180.0, m=56.0, s=16.23134670843683)
TLE Line 1 1 28661U 05019C 24170....0000-0 11275-2 0 9993
TLE Line 2 2 28661 49.3845 233.617....7470 4.06498674263572
AVM 9.804157640770711
Cloud Cover 30.30

Figure 4.2 illustrates the ground tracks made by the 500 satellites that pass over the
Haystack Observatory in our example dataset from 20:00 to 20:30 UTC on June 18, 2024.
The lines on the map are a projection of the satellites’ orbits onto Earth’s surface.

Figure 4.2: Selection of 500 satellites that pass over the Haystack Observatory (lat=42.58,
lon=-71.44) during a 30 minute period (06-18-2024 20:00-20:30 UTC).

37



38



Chapter 5

Conclusions

The objective of this thesis was to create a software package that would aggregate relevant
satellite information to be used in input datasets to tasking schedulers. The population of
objects in space is growing rapidly, and we need to keep track of their movements to prevent
collisions with other objects and manage space traffic. The United States Space Force uses
a network of ground-based sensors to track the RSOs in Earth’s orbit. The sensors require
scheduling in order to be able to track every object multiple times per day, as is the Space
Force’s goal. Researchers such as those in [8] and [9] have developed scheduling algorithms
and models to optimize the satellite tracking process, but they use different baseline input
data to evaluate their methods, some of which is synthetically generated.

We introduced satdatagen: a Python library to support dataset generation for satellite
sensor task schedulers. satdatagen enables researchers to create datasets in less than a
minute’s time and use them to directly compare the scheduling optimization algorithms.
Users of the satdatagen library receive information regarding satellite brightness, satellite
positions and movement, and the weather conditions for the time and place that they are
running their scheduler, all automatically aggregated by the Python package. They can also
limit the number of satellites returned in the dataset, and filter for satellites in a certain
orbit. The satdatagen package is simple to use. Users do not require prior knowledge of
dependencies, and a dataset can be generated with fewer than 10 lines of code.

5.1 Future Work

Based on the progress and modeling decisions considered in this thesis, we identify several
areas for future work:

• Add space-based sensor capability. Currently, satdatagen can only generate
datasets for ground-based sensor tasks. [6] explores using existing star-trackers mounted
on satellites to track RSOs, which often have a wider field-of-view and more mobil-
ity than ground-based sensors. Sensor task schedulers are typically designed for only
ground-based or only space-based sensors. With additional functionality in satdatagen
to create datasets for space-based sensors, researchers could explore more how these
sensors help to ease the burden of the ground-based network in RSO tracking.
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• Add a Sensor class. Users of satdatagen can tailor the datasets to the requirements
of the sensors they are scheduling by limiting the number of satellites represented in
the dataset or filtering for a certain orbit. With a Sensor class, users would specify
this customization in the instantiation of an object. The Sensor object would then
contain the class method generate_dataset, rather than a GroundLocation object.
This also creates space for more options for tailoring a dataset to a sensor’s criteria, and
de-clutters the optional input parameters of the current generate_dataset function.
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Appendix A

Code listing

A.1 Example Dataset Code

1 import satdatagen as sdg
2 from datetime import datetime
3

4 start_date = datetime (2024, 6, 18, hour = 18, minute = 0)
5 periods = 24
6 haystack_lon = -71.44 #degrees west
7 haystack_lat = 42.58 #degrees north
8

9 credentials = ’/path/to/space -track/credentials.json’
10

11 tr = sdg.TimeRange(start_date = start_date , periods = periods , delta
= 30)

12 gl = sdg.GroundLocation(credentials , haystack_lat , haystack_lon , tr)
13

14 dataset = gl.generate_dataset(limit = 500)

A.2 generate_dataset

1 def generate_dataset(space_track_credentials , ground_loc , time_list ,
method = ’krag’, limit = None , orbit = ’all’, mixing_coeff = 0.8,
output_file = None):

2 ’’’
3 generates the dataset as customized by user
4

5 @param space_track_credentials: path to a .json file with your
space -track.org login information

6 @param ground_loc: astropy EarthLocation object
7 @param time_list: list of astropy Time objects
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8 @param [method ]: string that determines which AVM method to use to
determine satellite brightness. options are ’krag ’, ’molczan ’,
’hejduk ’. default is the Krag method

9 @param [limit]: integer that limits the number of satellites
represented in the dataset. default is no limit , all satellites
that pass over head included

10 @param [orbit]: string that filters for objects in a certain orbit.
options are ’LEO ’, ’MEO ’, ’GEO ’, ’all ’. default is objects at

all orbits
11 @param [mixing_coeff ]: float between 0 and 1 that determines the

ratio of diffuse/spectral reflection accounted for ONLY when
method==’hejduk ’

12 @param [output_file ]: path to a .json file to output dataset to
13

14 @returns a python dictionary of all the satellites overhead with
keys of satellite NORAD ID as given by space -track and values
the altitude/azimuth of the satellite at the observation time

15

16 ’’’
17

18 cloud_cover = get_cloud_cover(ground_loc , time_list [0]. datetime ,
time_list [-1]. datetime)

19

20 overhead_sats = {}
21 observ_loc = ground_loc
22

23 all_sats_for_obstime = get_all_objects(space_track_credentials ,
time_list [0]. datetime)

24

25 sats_in_dataset = []
26 sat_areas = []
27 if orbit == ’LEO’:
28 for s in all_sats_for_obstime:
29 if float(s[’SEMIMAJOR_AXIS ’]) < 7178:
30 sats_in_dataset.append(s)
31 sat_areas.append(get_object_area(s[’NORAD_CAT_ID ’]))
32 elif orbit == ’MEO’:
33 for s in all_sats_for_obstime:
34 if float(s[’SEMIMAJOR_AXIS ’]) >= 7178 and float(s[’

SEMIMAJOR_AXIS ’]) < 36378:
35 sats_in_dataset.append(s)
36 sat_areas.append(get_object_area(s[’NORAD_CAT_ID ’]))
37 elif orbit == ’GEO’:
38 for s in all_sats_for_obstime:
39 if float(s[’SEMIMAJOR_AXIS ’]) >= 36378:
40 sats_in_dataset.append(s)
41 sat_areas.append(get_object_area(s[’NORAD_CAT_ID ’]))
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42 else:
43 sats_in_dataset = all_sats_for_obstime
44 for s in all_sats_for_obstime:
45 sat_areas.append(get_object_area(s[’NORAD_CAT_ID ’]))
46

47

48 e, r, v = propagate_sats(sats_in_dataset , time_list)
49

50 trans_start = time.time()
51 v_x = v[:,:,0] * u.km / u.s
52 v_y = v[:,:,1] * u.km / u.s
53 v_z = v[:,:,2] * u.km / u.s
54

55 r_x = r[:,:,0] * u.km
56 r_y = r[:,:,1] * u.km
57 r_z = r[:,:,2] * u.km
58

59 r_cartesian = CartesianRepresentation(x=r_x , y = r_y , z = r_z)
60 v_cartesian = CartesianDifferential(d_x = v_x , d_y = v_y , d_z = v_z

)
61 teme = TEME(r_cartesian.with_differentials(v_cartesian), obstime=

time_list)
62

63 obstime = Time(time_list , scale = ’utc’)
64 itrs_sat = teme.transform_to(ITRS(obstime=time_list))
65

66 topo_itrs_sat = itrs_sat.cartesian.without_differentials () -
observ_loc.get_itrs(obstime).cartesian

67 sat_itrs_topo = ITRS(topo_itrs_sat , obstime=obstime , location=
observ_loc)

68 altaz = sat_itrs_topo.transform_to(AltAz(obstime=obstime , location=
observ_loc))

69 alt_degs = altaz.alt.dms[0]
70

71 over_indices = np.nonzero(alt_degs >10)
72

73 unique_sats = np.unique(over_indices [0])
74 random_sats = unique_sats
75

76 if limit and limit <= len(unique_sats):
77 random_sats = np.random.choice(unique_sats , limit , replace =

False)
78 prev_s = -1
79 for i in range(len(over_indices [0])):
80 s = over_indices [0][i]
81 t = over_indices [1][i]
82 if s not in random_sats:
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83 continue
84 else:
85

86 if s != prev_s:
87 sat = sats_in_dataset[s]
88 s_area = sat_areas[s]
89 prev_s = s
90 avm = None
91 cc_idx = (24 * (time_list[t]. datetime.date() - time_list [0].

datetime.date()).days) + time_list[t]. datetime.hour
92

93 if s_area is not None:
94 avm = str(get_avm(int(sat[’NORAD_CAT_ID ’]), observ_loc ,

itrs_sat[s,t], s_area , time_list[t], method = method ,
mixing_coeff = mixing_coeff))

95 oh_dict = {’name’:sat[’OBJECT_NAME ’],’time’: time_list[t].
datetime.isoformat (), ’alt’:str(altaz[s,t].alt.dms), ’az’:
str(altaz[s,t].az.dms), ’TLE_LINE1 ’:sat[’TLE_LINE1 ’], ’
TLE_LINE2 ’:sat[’TLE_LINE2 ’], ’AVM’ : avm , ’cloud_cover ’ :
str(cloud_cover[cc_idx ])}

96 if sat[’NORAD_CAT_ID ’] in overhead_sats:
97 overhead_sats[sat[’NORAD_CAT_ID ’]]. append(oh_dict)
98 else:
99 overhead_sats[sat[’NORAD_CAT_ID ’]] = [oh_dict]

100

101

102 if output_file:
103 out = open(output_file , ’w’)
104 json.dump(overhead_sats , out)
105 out.close()
106 return overhead_sats
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Appendix B

List of Dependencies

• astropy version 5.3.4

• datetime version 5.5

• numpy version 1.26.0

• openmeteo-requests version 1.2.0

• requests version 2.32.3

• sgp4 version 2.23
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