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Abstract

This research presents several contributions aimed at improving the current state of Space
Situational Awareness (SSA) using optical imagery. The first component involved the
development of an image capture algorithm which was successfully used to acquire over 90000
optical images from the stratosphere, with hundreds of visually verified Resident Space Objects
(RSOs). The second component involved the development of a novel RSO tracking algorithm
which was able to detect 87% of the RSOs in an 878-image dataset at least once. The third
component proposed an automated annotation framework and corresponding four-tool annotation
suite to develop a 500-image dataset to train and test another RSO tracking algorithm. The final
component involved the demonstration of a dual-purpose payload, performing RSO detection
alongside an existing Attitude Determination (AD) algorithm which detected 11 unique RSOs in

real-time during another stratospheric balloon mission.
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1. Introduction

1.1. Problem Statement

Many of the conveniences of the modern age that we take for granted are owed to space, and the
numerous ways in which we take advantage of it. The satellites we launch into Earth orbit have
been key in providing us with these services, such as high-speed communications, global
internet, weather predictions, natural disaster monitoring, high-speed banking, navigation, and
defence [1]. Given these essential services, it is without a doubt that the space environment

around Earth is of great importance.

In recent years, space activity has exploded, as indicated by the rapid increase in total space
objects since 2016, as observed in Figure 1.1. Companies invested in space are building and
launching networks of satellites, called mega-constellations, into Low Earth Orbit (LEO).
Starlink™, a satellite network developed by SpaceX, has over 5400 satellites in orbit alone, with
a total planned size of 42000 satellites [2]. Other mega-constellations such as OneWeb, Iridium
Next, and Globalstar are currently in construction or are beginning their launches [3]. It is
estimated that by 2030, the population of active satellites will exceed 60000, a number many

times greater than the 8300 active satellites in orbit right now [4].

These numbers become even larger when considering the other objects in space. Spent rocket
stages, fragments, and inactive satellites also orbit Earth, though they are no longer useful for
their initial purposes. Though these numbers increase as more satellites are launched into space,
several events have occurred in history that have caused sharp increases in these numbers.
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Monthly Number of Objects in Earth Orbit by Object Type
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Figure 1.1. Number of objects greater than 10 cm in LEO, by year [5].

One such event was the unintentional collision in 2009 between an active communications
satellite, Iridium 33, and an inactive military satellite, Kosmos 2251 [6]. This collision created
over 2000 pieces of debris at least 10 cm in size, and many thousands more smaller pieces,
which will remain in orbit for at least 100 years after the collision [6]. Figure 1.2 illustrates the
debris predicted to have been generated by the collision, just three hours after the initial impact
[7]. The consequences of this event can be observed in Figure 1.1, where there is a sharp increase

in fragmentation debris in 2009 [5].

Another event generating significant debris was the anti-satellite missile test in 2007, where
China launched a ballistic missile to destroy its own weather satellite, Fengyun-1C [8]. This
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demonstration created more than 3000 pieces of debris, while scientists estimate that more than
32000 smaller pieces of debris remain untracked [8]. The extensive debris generated by this

event can also be observed in Figure 1.1, as a sharp increase in the fragmentation debris in 2007

[5].
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Figure 1.2. Simulation of the debris generated by the Iridium 33-Kosmos 2251 collision, three

hours after impact [7].

These active satellites and inactive satellites and debris orbiting Earth are collectively termed
RSOs. As of 2022, over 25000 RSOs greater than 10 cm exist in LEO alone [5], and the space
environment is becoming occupied by these RSOs at an alarming rate. Given the massive
increase in the expected number of satellites mentioned earlier, the population of the space

environment will only continue to increase. Along with the increase in objects comes an increase
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in the probability of collision between space objects. Given the incredible speeds at which debris
travels, even millimeter-sized objects pose a threat to satellites and can cause devastating
damage. Debris between the 1 cm and 10 cm range are the most concern, however, as they can
severely cripple any spacecraft they hit and are too small and numerous to track [9]. These
collisions can cause a cascading effect of collisions, known as Kessler Syndrome [10]. Such an
event would create a dangerous and impermeable cloud of debris orbiting Earth, restricting the
modern necessities provided by existing satellites and effectively preventing further satellite

launches for many years.

In order to protect our current satellites and prevent such a catastrophe from occurring, operators
of satellites need to have a well-defined understanding of the objects around them, including
their orbital parameters, size, mass, and materials. The activities involved in collecting such
information are termed SSA, and with good SSA, operators can perform collision avoidance

maneuvers to proactively prevent collisions.

Many nations have developed their own systems and networks to provide them with SSA data.
The United States, Europe, Russia, China, Australia, Canada, Iran, South Africa, South Korea,
and Thailand all have some form of SSA capabilities [11]. Currently, the most comprehensive
and open source SSA system of all these nations belongs to the United States and is known as the
Space Surveillance Network (SSN) [11]. This network consists of a multitude of sensors,
including terrestrial radar and optical sensors, as well as space-based sensors [11]. Using these
instruments, measurements of satellites in space are made, which are then processed to identify
the satellites and their orbital parameters. These identifications are included in a catalog and are

updated as new detections are made.



Sharing SSA data is crucial to prevent the scenarios discussed above. Given the militaristic
nature of data collection, SSA data is often shared in ways to foster strategic cooperation. The
United States shares some of the information collected by the SSN through various programs, in
tiers of data quality. The United States SSA Sharing Program exists to share otherwise restricted
SSA information with close military allies, including Canada, Australia, and the United
Kingdom, as well as other allies [11]. To prevent collisions, the United States also shares data
with various organizations, launch providers, and satellite operators, though this data is less
restricted and thus less comprehensive [11]. Finally, the lowest tier of data that the United States
shares is made available to the public including researchers, through a website called Space-
Track.org [11]. This data is in the form of Two-Line Element (TLE) sets, which is data

representing the orbital parameters of RSOs.

While this data sharing program represents a monumental achievement in sharing SSA data to
protect space assets, the program is not without its flaws. Firstly, many objects in the catalogue
are lost with time. CelesTrak.org, a website that uses the information provided through Space-
Track.org, maintains a list of RSOs that have been lost in the catalogue, but according to their
last known orbital parameters, should not be [12]. Another example of this is a satellite that had
been identified recently after being lost for 25 years [13]. These lost satellites could pose serious
collision risks to operators without access to better SSA data. These same consequences can also
come from the erroneous data in the catalogue, such as misidentifications and satellites that are
not catalogued whatsoever [14]. Another flaw with the program is the amount of important data
left out of the catalogue. As mentioned earlier, much of the data available publicly is limited.

This not only applies to the number of RSOs covered, but also the availability of raw data from



sensors. This restricts the amount of processing that can be done using this data and limits the
identified RSOs to what can be found by the database providers. Furthermore, the publicly
available RSO catalogue may not even be suitable for conjunction assessment to avoid collisions.
Space-Track themselves declare that the TLE generated for the public catalogue should not be
used for conjunction assessment [15]. Finally, the catalogue available from Space-Track.org is
just a single catalogue, and while many alternative catalogues exist for the public to use, there is

not a single, unifying global framework to support SSA.

The long-term goal of this research is to develop such a unifying framework for open source,
community-driven RSO identification, using data submitted from anyone globally. Figure 1.3
outlines the steps involved in such a framework, using optical imagery. The framework would
begin with receiving raw data in the form of optical imagery. After verifying the integrity of the
data, RSO detection algorithms would be used to find RSOs within the imagery. These detections
in pixel coordinates would then be converted to an inertial frame of inference, producing
detections in Right Ascension (RA) and Declination (Dec) coordinates. Further algorithms would
then use these detections to determine the orbital parameters of the RSOs. Finally, matching
algorithms would then correlate these orbital parameters to orbital parameters of known RSOs
and return the best matches. In cases with poor matches, further detections could be used to
improve the confidence of the match, or new identifiers could be instantiated for new RSO
detections. This framework would allow anyone to contribute to and have access to SSA data,
both raw data where available and TLE. This overcomes many of the limitations imposed by the
publicly available catalogue as described above. Beyond these benefits, individuals could use the

raw data to develop their own algorithms, which could be used to iteratively improve a catalogue



developed in this framework. Additionally, having a transparent, openly accessible catalogue
could serve as a form of verification for other catalogues, and for the developed catalogue itself.
Finally, more frequent detections of RSOs improve their positional accuracy, reducing the error

in calculating conjunction events [16].

1) Optical Imagery 2) RSO Detection 3) Coordinate
Transformation

5) RSO 4) Orbit
Identification Determination

Figure 1.3. Steps involved in an open source, community driven RSO identification framework,

using optical imagery.

To start the development of this framework, algorithms need to be created to process optical
imagery for RSO detection. However, there are challenges with developing such algorithms.
Firstly, there i1s limited access to real, open source, labelled optical images, as mentioned before.
This data is necessary for training and testing a robust algorithm to use in the above framework.
Researchers often resort to synthetically generated data for RSO detection algorithm

development and testing [17,18]. Moreover, the available data can be difficult to label and
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process for RSO detection algorithms using existing detection techniques. These images can be
distorted due to the presence of Earth’s limb or the Milky Way, have uneven lighting conditions
across a sequence of images and even within an image, and are low in resolution, making RSOs
harder to find. An example of these images and their challenges can be seen in Figure 1.4. Lastly,
to further support the RSO identification framework, these RSO detection algorithms should be
able to run onboard the spacecraft in real-time, so that data can be collected and downlinked
efficiently, consisting only of SSA data that is of interest. Real-time RSO detection algorithms
would also allow operators to respond quickly to potential collision threats. These algorithms
could be added to payloads as an additional function, or as dedicated satellites, providing fast

response times to potential threats.

Figure 1.4. Examples of publicly available starfield images. These images can be challenging to
process, given that they can contain the Earth's limb (left), the Milky Way (center), and have

uneven lighting conditions (right).
1.2. Research Objectives
This thesis was developed with an emphasis on engineering research objectives. The primary

objective of this research is to develop RSO detection algorithms to improve SSA capabilities.
8



However, as mentioned earlier, the availability of data for algorithm development, and the
necessity for these algorithms to run in real-time involve additional challenges. Therefore, to

develop these RSO detection algorithms, the following research objectives were identified:

e To collect and label optical RSO imagery in a variety of imaging conditions to develop
preliminary datasets for RSO tracking algorithm development.

e To develop RSO tracking algorithms to detect RSOs within the data.

e To demonstrate a dual-purpose payload concept for SSA, involving an RSO detection

algorithm running in real-time as a secondary payload function.

Given the lack of readily available SSA data, the first step involves obtaining this data. This data
can be collected from the ground, using ground-based telescopes paired with a computer for
storage of images and camera parameter manipulation. Alternatively, this data can be collected
above ground, using platforms such as stratospheric balloons and spacecraft to overcome
unwanted atmospheric effects. This thesis will focus on data collected from stratospheric and
space-based platforms. The next step involves labelling the collected data to serve as truth data
when developing algorithms. The precise and efficient labelling of this data can be challenging,
given the small and numerous objects within each of the images. After developing a labelled
dataset, RSO tracking algorithms can be developed and tested using the images, using metrics
such as the precision and recall of the algorithm to determine its performance. Lastly, after
developing a robust RSO tracking algorithm, the last step involves creating a dedicated payload

to track RSOs in real-time, to serve as a technology demonstration.

1.3. Contributions



The following are contributions made to the improvement of SSA done through this research.

e The development of the software of a payload designed to autonomously image RSOs
from the stratosphere, processing GPS data in real-time to adapt image capture to the
flight conditions.

e An overview of existing algorithms for detecting RSOs within various optical imagery.

e An extensive review of the imagery from the Fast Auroral Imager (FAI) instrument
onboard the Cascade SmallSat and Ionospheric Polar Explorer (CASSIOPE) satellite,
collected during 2023, extracting sequences suitable for RSO detection, focusing on
criteria such as scene illumination characteristics and RSO motion and brightness
variation.

e The curation of a novel 878-image RSO dataset made from annotating the RSOs in the
extracted sequences, providing bounding box coordinates, sizes, and unique identifiers
for every RSO in every sequence.

e The development of a novel algorithm combining multiple analytical techniques to
process the images for RSOs.

e The development of a four-tool labelling suite to efficiently label images containing
RSOs, automating much of the labelling process and producing labels in the form of
bounding box coordinates and size for three classes of objects, including stars, RSOs, and
noise.

e The curation of a novel 500-image data using the developed labelling tool suite, made
from annotating the stars, RSOs, and noise in the images, producing both masks and text

files as truth data, to serve as a foundation for a benchmark dataset.
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e The proposal of a combination of metrics to effectively and fairly compare RSO detection
and/or tracking algorithms.

e The development of an RSO tracking algorithm using a track-by-detection framework,
making use of Machine Learning (ML) to detect objects and multiple custom analytical
techniques to track objects.

e The development of a flight-version RSO detection algorithm constructed using
components of previously developed RSO tracking algorithms and enhancements for
real-time operation.

e The demonstration of a dual-purpose payload onboard a stratospheric balloon platform,

performing RSO detection, running alongside an existing AD algorithm.

1.4 Thesis Outline

This thesis has been developed as a combination of several peer-reviewed research papers which
have been submitted or are in the process of being submitted. In Chapter 2, the stratospheric
optical RSO data collection payload is described and evaluated. In Chapter 3, the analytical RSO
detection algorithm is presented and evaluated, alongside the 878-image dataset. In Chapter 4,
the data labelling tool suite, 500-image preliminary benchmark dataset, as well as the ML-based
track-by-detection RSO tracking algorithm are described. In Chapter 5, the stratospheric dual-
purpose AD and RSO detection payload is described and evaluated. In Chapter 6, a summary of

the previous chapters is provided, alongside with a discussion of future work.
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2. Stratospheric Night Sky Imaging Payload
for Space Situational Awareness (SSA)

This chapter is based on a paper [19] describing a payload, namely Resident Space Object Near-
space Astrometric Research (RSONAR), which sought to autonomously acquire images of the
night sky from a stratospheric balloon platform for SSA. This mission and payload were
developed given the lack of real, high-quality, readily available optical images, necessary for the
development of RSO tracking algorithms. Additionally, the payload and mission served as
technology demonstration missions to prove that stratospheric ballon platforms are suitable for
SSA purposes. Despite hardware failures during the mission, over 93000 images of the night sky
were captured, with 100s of RSOs visible through manual inspection of the images. Image
processing algorithms developed by the coauthors of the paper were able to detect 100s of RSOs
as well, in preliminary findings. Further research is being conducted in the laboratory to

investigate the data’s quality, as well as using these images for other RSO detection algorithms.

I developed the software that was used to autonomously control the camera, including boot-up
operations, sensor processing for mode selection, camera parameter setting, image acquisition,
and payload status data saving. I was involved in the assembly of the payload, the planning of
the mission, payload-gondola integration, payload health monitoring during the mission, and
post-mission operations. [ was a member of the crew that carried out these tasks to successfully
oversee the payload’s launch on a stratospheric balloon from Timmins, Ontario, in August 2022.
I prepared all figures, and tables, and wrote the manuscript. Andrea Vallecillo Baires and

Siddharth Dave provided me with their image processing results for the results section. Gabriel
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Chianelli provided me with information about the electrical system of the payload. Ryan Clark,
Siddharth Dave, and Regina S. K. Lee created the metrics and documentation for the design of

the mission. All coauthors provided feedback and revisions for the manuscript.

2.1. Introduction

The space environment has seen a rapid increase in the number of RSOs, ranging from tiny
flecks of paint to entire satellites. In recent years, the space industry has trended toward mega-
constellations of smaller satellites, further increasing the population of the space environment.
RSOs can reach orbital speeds of over 7 km/s, traveling fast enough to cause devastating damage
in collision events. Though once believed to be unlikely, the rapidly increasing RSO population
is increasing the chances of in-orbit collisions. Such an event has already been realized in
February 2009, when Iridium-33, an American communications satellite, collided with
Kosmos2251, a defunct Russian military satellite, generating almost 2000 fragments with

diameters of at least 10 cm, and thousands more smaller pieces [6].

With the threat of future in-orbit collisions growing as the number of RSOs increases, satellites
must be tasked with collision avoidance maneuvers to prevent impacts. To develop such
strategies, operators must first be aware of nearby RSOs, having detailed information such as the
type of object and orbital parameters. SSA refers to various programs and initiatives to advance
such knowledge and can be accomplished by imaging RSOs and applying image processing

algorithms to extract the required information about the objects.

In addition to optical imaging, radar systems have been used extensively for SSA activities. One
example of such a system is the Italian Bistatic Radar for LEO Tracking (BIRALET) system
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[20]. This radar system’s transmitter works in the P-band, operating at 410—415 MHz, able to
capture LEO RSOs in beam parking mode or tracking mode. Another example is the recently
developed CHEIA SST Radar, a Romanian system leveraging existing parabolic antennas, aimed
at strengthening the European Union Space Surveillance and Tracking (EU SST) effort [21]. This

C-band radar system operates in the 3.6—6.4 GHz range, also able to track RSOs.

Many techniques have been developed to collect and process radar data, obtaining information
critical to SSA. At Fraunhofer Institute for High Frequency Physics and Radar Techniques FHR,
a team of scientists operate a radar system, the Tracking and Imaging Radar (TIRA) [22].
Information such as orbital elements, motion parameters, target shape, and mass and material
properties have been gathered from this system. An Initial Orbit Determination (IOD) algorithm
has been developed to determine the state vector and orbital track of satellites using the Italian
Bistatic Radar for LEO Survey (BIRALES) system [23]. The algorithm is being further
developed to improve catalog correlation. Using radar data alongside optical data, a concept
referred to as data fusion, is a promising technique for improving the information gained from

RSO detections [24].

In terms of optical systems, traditionally, SSA activities typically focus on imaging RSOs from
ground-based telescopes, such as the National Aeronautics and Space Administration’s (NASA)
Michigan Orbital Debris Survey Telescope (MODEST) [25]. Such a large-scale, narrow Field-of-
View (FOV) telescope can take high-resolution images of RSOs in Geosynchronous Earth Orbit
(GEO) [26]. The narrow FOV telescopes have a large integration time, for example, 5 s is
typical, integrated with an active tracking methodology. The light from an object is accumulated

in a narrow spatial region of the image, improving the sensitivity of the instrument. Active
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tracking is suitable for GEO objects, which move relatively slowly and more predictably with
respect to a ground-based observer, making them easier to keep in the FOV of a telescope.
However, the tracking requirements for a LEO observation introduce complications in the
tracking system, since RSOs in LEO tend to move much faster than RSOs in GEO and have
more uncertainty in their trajectories due to effects such as atmospheric drag. Furthermore, the
narrow FOV would limit the number of RSOs that can be seen in a single image. Coupled with
large design and operating costs, a need exists for a low-cost alternative with space-based
operation, short integration time, and a wide FOV imager. Such an imager would also be useful
in LEO RSO detections [27,28]. The imaging strategy proposed in this chapter is designed to
survey many RSOs with a wide FOV, that is cost-effective and suitable for both ground and

space applications [29].

In comparison to narrow FOV imagers, RSO detection and tracking using a wide FOV imager
has been studied with limited results in the past. Clark et al. developed a simulator to realistically
simulate images taken by low-resolution, space-based imagers [30]. Clemens demonstrated the
feasibility of RSO detection from a wide FOV imager using images from the CASSIOPE
satellite’s FAI instrument [31]. Dave et al. then examined an in-orbit RSO orbit estimation
method using star tracker cameras [32]. Sease et al. predicted RSO motion from a simulated star
tracker imager, demonstrating that angular rates can be extracted from streaked imagery without
the use of star catalogs, and even extend image processing to detect RSOs [33]. Spiller et al. also
examined RSO detection from star-tracker images using simulated datasets [34]. Wide FOV

telescopes have also been considered for ground-based RSO imaging and subsequent image
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processing, as demonstrated by Hasenohr [35], and extended to wide FOV ground-based arrays

by Fitzgerald et al. [36].

In this chapter, we present the overview of the RSONAR payload with a wide FOV star tracker-
like camera with relatively low resolution, built with Commercial-Off-the-Shelf (COTS)
components. The payload was flown on a stratospheric balloon as part of the Canadian Space
Agency’s (CSA) stratospheric balloon program, STRATOS. There have been numerous remote
sensing and technology demonstration missions onboard stratospheric balloons, carrying out
experiments at suborbital altitudes as test missions for orbital demonstrations. Examples of such
experiments include University of Alberta’s Ex-Alta 2 mission, designed to monitor wildfires
with a multispectral imager [37], and University of Minnesota’s SOCRATES payload, studying
x-rays and gamma rays [38]. To the best of our knowledge, the SSA mission described in this
chapter was the first mission of this nature with the ambitious goal to image night sky star fields
to detect, track and identify RSOs in low-Earth orbits. We aimed to demonstrate the feasibility of
using wide FOV, commercial-grade cameras for RSO detection as a first step toward a CubeSat
mission The next step in this research is to improve the payload (both hardware design and
algorithm development) for space-based RSO observations from LEO, to advance SSA
capacities by providing space-based RSO detection data to complement ground-based

observations.
2.2. Mission Concept

The RSONAR mission was a technology demonstration of a commercial-grade star tracker for

SSA applications. The main research objective was to take images of RSOs from the stratosphere
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(approximately 40 km in altitude) using a low-resolution, wide FOV star-tracker-like camera.
The developed system used a 29.7-degree FOV, contrasting typical systems using 1-degree or
smaller FOVs. The mission objective was to progress the technology readiness level of a flight
payload that incorporates a commercial-grade star-tracker-like camera. The payload
demonstrated in flight that a dual-purpose functionality to image RSOs in addition to the star
tracker’s primary purpose of determining spacecraft attitude is achievable. Mission success
criteria were defined along three sequential objectives: RSO detections per hour (minimum 1 per
hour, ideal 10 per hour), RSO tracking accuracy (minimum 15 arcseconds, ideal 1.5 arcseconds)

[39], and RSO identification (minimum 80%, ideal 95%) [40].

The RSONAR payload consists of COTS hardware. This includes the camera and lens, the
System-on-Chip (SoC) development board, the Global Position System (GPS) sensor, cabling,
harnesses, and connectors. The survival of these components would confirm that COTS

hardware is suitable for use in payloads for high-altitude missions.

The payload interfaces with CSA’s gondola, designed to operate at an altitude of approximately
40 km, coast for 4 to 8 h, and descend. The duration of the flight is typically about 13 h, for
which the payload operates during the night portion of the flight. During the flight, the payload
takes images of the sky, varying the camera’s resolution, exposure, and delay depending on the
altitude of the balloon, by using altitude values obtained from an onboard GPS to change camera
parameters. Operating the payload in this way ensures the largest number of high-quality images
to be taken during optimal observation conditions, while the balloon is coasting at the maximum

altitude.
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2.3. Technology Description

2.3.1. Electronics

The Xilinx PYNQ-Z1 SoC development board (Figure 2.1), sourced from Digilent, located in
Pullman, USA, was used as the Onboard Computer (OBC). The system consists of a Zynq-7000
SoC, which itself consists of Field-Programmable Gate Array (FPGA) fabric and a dual-core
ARM Cortex-A9 processor [41]. The processor hosts the operating system, which contains the
image capture application and driver management, while the FPGA fabric is used to control the
pins used for the GPS module. During testing, the board’s ethernet and USB ports were used for
debugging purposes. The Arduino headers and PMODA pins were used to interface with other
sensors and subsystems. The PYNQ-Z1 board was provided with a Linux-based Operating
System (OS), which was used to simplify software design. The captured images were stored in
the same partition as the OS. Extensive power-out testing showed that there was no need to

mount the OS into its own read-only partition.

A ZED-F9P Global Navigation Satellite System (GNSS) module [42], integrated into a SparkFun
GPS-RTK2 board, was used to receive GPS signals, providing information such as time, altitude,

longitude, and latitude. This module is connected to the PYNQ-Z1 board via its Arduino headers.

An Innodisk industrial-grade 512 GB microSD card [43] was used for onboard storage, as well
as to hold the operating system. The microSD card was chosen for its operating and survival
temperatures, capable of functioning at —40 °C, which the system could be subjected to in a

stratospheric balloon mission.
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Figure 2.1. Xilinx PYNQ-Z1 FPGA development board.

2.3.2. Optics

The pco.panda 4.2, sourced from PCO Imaging, located in Kelheim, Germany, a scientific
Complementary Metal-Oxide Semiconductor (sCMOS) camera [44] was chosen for this mission.
This compact monochrome camera is similar in FOV, resolution, and exposure time to a typical
star tracker used for AD on satellites. The camera features a maximum resolution of 2048 x 2048

pixels at a variety of exposure times.

Paired with the camera is a wide FOV lens, given the requirement for RSO detection. The lens
used is the ZEISS Dimension 2/25, sourced from Carl Zeiss Industrielle Messtechnik GmbH,
located in Oberkochen, Germany, having an aperture of 5.7 cm [45]. Combined with the

pco.panda 4.2 camera, a full-angle FOV of 29.7 degrees is obtained.
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2.3.3. Structure

The payload structure design was based on a CubeSat form factor, a class of miniature satellite
with dimensions of 10 cm % 10 cm x 10 cm [46]. A 2U-form factor was implemented, with total
dimensions of 10 cm % 10 cm x 20 cm. However, additional triangular prism segments were
added to the payload to host a secondary payload for the mission and to provide a 45-degree
elevation for viewing geometry. Figure 2.2 provides a Computer-Aided Design (CAD) model of

the RSONAR payload with these additional segments, from multiple perspectives.

Figure 2.2. RSONAR payload CAD model outlining the structure and some electronics within
the payload from the isometric view (left) and the side view (right). Note that triangular prism-

like segments are added to the plain 2U segment.

The payload itself was mounted to the gondola using a metal interfacing plate. The payload was
screwed onto this plate using 10 stainless-steel bolts, nuts, and washers. The assembly was then
attached to the gondola using five C-clamps. Figure 2.3 illustrates the payload and interface plate

mounted on the gondola for flight.
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Figure 2.3. RSONAR payload fastened to the gondola. (a) CAD model depiction of the

mounting scheme; (b) Actual integration of the payload to the gondola.

The chassis is primarily fabricated from aluminum 6061-T6, while the fasteners are made of

AISI 304. The payload’s mass (2.1 kg) falls well under the maximum mass listed by the mission

requirements. The interface plate, not included in the mass requirement, has a mass of 2.5 kg

alone. Table 2.1 shows the masses of the payload components.

Table 2.1. Components of the RSONAR payload and their corresponding estimated masses.

Item Mass (g)
Fasteners (screws, nuts, washers) 80
Aluminum chassis 780
PCB and breakout boards 230
Optics and antenna 955
Wires and cables 100
Total 2145
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To conform to safety requirements, a simulation was performed to examine the payload and
interface plate under a variety of load cases, alongside calculations. For all load cases, neither the
payload nor the interface plate was expected to detach, given that the stresses were well below
the yield strength of the materials. The Finite Element Modeling (FEM) analysis indicated that
the highest stress response was at the corner bolts (not on the payload structure itself) where

minimum risk is expected.

The payload does not feature an active thermal control (heating or cooling) system, as the
electronics were shown to produce enough heat such that this is not a concern, while the upper
temperatures are within the limit. A passive thermal control approach was adapted using an
aluminum polyamide covering (shown in Figure 2.3b) as a thermal blanket and reflector,
allowing the payload to retain heat during the night and reflect some solar radiation during the
day to keep the payload cool. Radiation strike mitigation strategies were not used for this

payload.

2.3.4. Communications

To simplify the design, communications to the payload during flight were not implemented.
Instead, an autonomous algorithm and onboard storage were used to manage bootup and
shutdown, camera settings, payload health, and data storage. In future flights, the National
Centre for Space Studies’ (French: Centre national d’études spatiales, CNES) communication
subsystem, PASTIS, will be used for telemetry and command, using the Ethernet IP network

protocol.
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2.3.5. Software

The Xilinx PYNQ Z1 FPGA board was programmed with a headless version of Ubuntu, which
makes software development and troubleshooting more convenient. The application driving the
camera control was written in C++. Existing header files and functions were used to rapidly
develop the application. The application makes use of a GPS receiver to determine the time,
altitude, and variation over time, which indicates how stable the payload is and thus what quality
could be expected from the images. Therefore, the application was designed to take more

pictures at a higher quality during steadier flights.

To achieve this high-quality imaging, a mode scheme was programmed. Each mode corresponds
to a mode that was expected to be seen during the flight: ascend, descend, coast, and DnD (dawn
and dusk). A safe mode was also programmed to account for potential software errors during
flight. To enter each mode, a set of altitude values over a period of time from the GPS are
analyzed. If various conditions are met corresponding to that mode, the mode is selected, and
images are taken for a short duration, after which the condition checking using the GPS values is

repeated.

Ascend mode was created to account for the balloon take-off and other altitude increases, during
which time imaging would not be ideal. The resolution is reduced to 512 x 512 pixels, and 20,
10, and 10 images are captured with exposure times of 100 ms, 500 ms, and 1000 ms,
respectively. A 10 min delay was added at the end of this mode to further optimize storage used

in ascend mode.
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Descend mode is similar to ascend mode, created to account for the balloon descent at the end of
the mission. The settings are the same as ascend mode. This mode was programmed separately in
case changes are desired between ascend mode and descend mode. This was also the mode

intended to be used when the balloon is in a powered state but still on the ground.

Coast mode is to account for the condition where the balloon is floating in the stratosphere at a
steady altitude. This would be an ideal case for image taking, and thus the image resolution is
increased to 1024 x 1024 pixels, and 20, 10, 10, and 10 images are captured with exposure times
of 100 ms, 500 ms, 1000 ms, and 5000 ms, respectively. This was done to get a variety of data in

this mode. A 10 min delay was also added at the end of this mode.

DnD mode is for image taking during the ideal observation time—the hours preceding dawn and
following dusk, during which the light reflected off satellites would be greatest from the
perspective of the camera. The resolution in this mode is varied between 2048 x 2048 pixels and
1024 x 1024 pixels, capturing 20 images for each of those resolutions, while the exposure time is
set at 100 ms. A delay of just 15 s was added to the end of this mode. The mode was designed

such that the most pictures would be taken in this mode.

Lastly, a safe mode was programmed for the event that the GPS data could not be read, invalid,
or if a system error is detected. This mode was developed to be as simple as possible, and thus a
single resolution and exposure time were used for this mode. The resolution is set to 2048 x 2048
pixels, capturing 10 images with an exposure time of 100 ms. The highest resolution was used to
maximize the information that could be acquired. A short exposure time was used over a long

exposure time because the short exposure images could be stacked in post-processing to create
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streaked images for RSO streak detection algorithms, while they could be used individually for

RSO point-tracking algorithms. A delay of 20 s was added to the end of this mode.

The software is to be executed on bootup, restarting in the event of a power outage during the
mission to ensure that the Linux kernel can properly shut down and reboot. A power-down signal
is issued by the team through the CSA’s on-ground Power Distribution Unit (PDU) interface at
the end of the mission to safely shut down the payload. Figure 2.4 outlines the camera operation

from bootup.
2.4. Implementation

Figure 2.5 below outlines the connections between the major components of the payload. The
Xilinx PYNQ Z1 FPGA board connects to the pco.panda 4.2 camera using a USB-A to USB-C
cable, which offers sufficient power to the camera as well as data transfer of images. The GPS
receiver module connects to the FPGA board via its Arduino headers. The custom sensor board
connects to the FPGA board via the PMODA pins. The SD card hosts the operating system,
which in turn holds the images, hardware drivers, and sensor interfaces. Power is delivered via

the onboard power jack.

25



Power On f

ower Out

Detected? Yes Reboot

Yes

J

Set DnD Mode
Parameters

Set Safe Mode
No Parameters

Values Varying?

Yes

Values Increasing? Set Coast Mode

YT Nf Parameters
Set Ascend Mode Set Descend Mode
Parameters Parameters

¥

]

{ Take Pictures J‘

Figure 2.4. Block diagram outlining the autonomous algorithm used to power on the payload,
check the altitude and time, and take images with pre-defined camera parameters corresponding

to the mode.
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Figure 2.5. Diagram outlining the connections between the electronics in the RSONAR payload.

Power from the gondola was provided from the PDU, connected via a female PT02E-12-3S
connector. The RSONAR payload itself implements the same female connector, thus a male-to-
male connector was chosen, ensuring the correct pinouts for the MIL-DTL-26482 standard.
Within the payload, the power is routed through two fuses, two tantalum capacitors, and a DC-
DC converter, as outlined in Figure 2.6. The fuses are rated at 3.2 A, derated based on a study
recommending fuses to be derated by 50% for vacuum environments [47]. The capacitors are
rated at 100 uF and 220 uF, respectively. The DC-DC converter converts incoming power at a
different voltage to a steady 12 V output. The PYB20-Q48-S12-DIN from CUI Inc is used to
achieve the power regulation, and convert an incoming voltage in the range of 18 Vto 75V
down to a voltage of 12 V, and supplying a current of 1.667 A. All components in PDU meet a
minimum temperature specification of —40 °C. Figure 2.6 below outlines the power connectors

and components.
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Figure 2.6. Diagram outlining the electrical components used on the power distribution unit.

2.5. STRATO-SCIENCE 2022 Campaign Overview

The STRATOS stratospheric balloon program aims to provide Earth and space science and
engineering research community the opportunity to test newly developed payloads, collect data
from a near-space environment, and train next-generation scientists and engineers. During the
campaign in August 2022, named STRATO-SCIENCE 2022, four balloons were launched from
the Timmins Stratospheric Balloon Base, carrying a variety of payloads. Various flight profiles
were available, reaching as high as 40 km in altitude [48]. Figure 2.7 depicts the balloon and

gondola carrying the RSONAR payload.

During integration on-site, GPS data collection from the payload configuration proved difficult,
as there was no access to a clear GPS signal with the thermal blanket in place. Consequently, in
the absence of a reliable GPS signal, the payload was reconfigured to operate exclusively in safe
mode. Safe mode was modified to capture 27 images at a 1024 x 1024 resolution, using the same
100 ms exposure time. The resolution was decreased so that the number of images captured per
set could be increased, and so that the delay between sets could be decreased to 4 s. These

parameters were chosen to maximize microSD card usage.
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Figure 2.7. Pictured in the foreground is a smaller balloon used to keep the attached gondola
steady upon launch. In the background is the larger balloon being inflated to launch. The larger

balloon expanded even further as it ascended into the stratosphere.
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The RSONAR payload was manually switched on 30 min before launch. The balloon carrying
the payload launched at 11:37 PM local time on 21 August 2022, from the Timmins Stratospheric
Balloon Base at the Victor M. Power Airport. The payload’s current draw, transmitted from the
balloon in real-time, was used as the method of monitoring the status of the payload since
expected current draws were previously determined in testing. For the duration of the flight, the

current draw was monitored, and no abnormal behavior was detected.

The payload was switched off manually at 8:30 AM local time the next day. The balloon
continued to fly into the day, collecting valuable near-space data for all other payloads, and

landed at 1:10 PM local time.

2.6. Results

2.6.1. Imaging Modes

Given that the payload was forced into safe mode due to an unreliable GPS signal, the
algorithm’s mode-switching function could not be observed. However, given the altitudes and
changes in altitudes observed through post-mission data, the algorithm would have correctly
changed modes to account for the balloon’s ascent, coast, and descent. This was tested by
running the algorithm on the GPS data provided by the CSA, creating a script to feed the GPS
data to the algorithm at the expected frequency and verifying that the algorithm determined the
correct mode to switch to. For future missions, the GPS will be relocated outside of the payload

and clamped to the gondola chassis where a clear signal can be received.

2.6.2. Preliminary Image Processing
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Over 93,000 images were collected during the active flight by the RSONAR payload. Several
algorithms have been developed to detect RSOs from images and return statistics. Detailed
analysis of the RSOs detected in the images, both theoretically possible and experimentally

determined, will be a part of future work. Preliminary analysis is given below.

2.6.2.1. RSO Streak Detection

One of the algorithms is an RSO streak detection algorithm, which aims to scan large image
databases and find sequences that may contain RSOs through bulk processing. The algorithm
performs bulk processing to preserve time and computational resources. Bulks of sequences are
stacked by weighted addition to create a single image. These images are stacked without
compensating for star drift, given the minimal movement of stars in these sequences. Image
processing techniques such as Wiener filtering, Canny edge detection, and thresholding are
applied to the image to reduce noise and detect objects. Smaller objects such as stars are
removed by a size threshold and only larger objects such as RSO streaks are left behind. Images
that contain a potential object of interest are then considered to be ‘Priority 1’ whereas images
with just stars are considered ‘Priority 2'. The algorithm can also detect large obstructions such
as Earth’s limb and classifies those images as ‘Priority 3'. Overall, the goal of this algorithm is to
reduce the need for manual inspection of databases, which can be tedious and time-consuming.
Instead, the classification algorithm provides a snapshot of which image sequences may contain

an object of interest.

Before processing the image set, the first 5400 images were discarded, since the balloon was
ascending during this time, causing even stars to streak in the images, resulting in many false

positives. From the remaining images, the first 12,130 images were processed as a preliminary
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test of the algorithm. Since images were captured with a 100 ms exposure time, multiple images
in the sequence needed to be stacked together into a single image so that RSOs would appear as
streaks. The reduced image set was stacked into sequences of 27 images. Processing the images
with the streak detection algorithm returned 51 sequences (with 27 images per sequence) with
RSO streaks in them, with an accuracy of 90%. The algorithm was executed again, this time
stacking 9 images at a time instead of 27 images to form a single image. This resulted in 69
sequences (with 9 images per sequence) with RSO streaks in them and an accuracy of 98%.
Information such as the length of a streak and the brightness of a streak will be implemented in
the algorithm in the future. Further analysis such as known and unknown RSO identification (by
correlating detections with an RSO catalog, mission objective three) is currently being conducted
by developing an IOD algorithm. Figure 2.8 shows an example of the resulting image created by
stacking images together. Stars appear as stationary light sources, while RSOs appear as streaks

in the image. Multiple streaks are visible, corresponding to multiple RSOs.

2.6.2.2. RSO Point Detection

Another algorithm performs RSO detection and tracking by considering the movement of the
RSO points through the images, temporally [49]. The algorithm consists of a Convolutional
Neural Network (CNN) combined with a graph-based Multiple Object Tracking (MOT)
algorithm. The CNN takes images as input and classifies them as containing detections (RSOs or
stars) or not containing detections. The images classified as detections are then used as inputs to
the next algorithm, which uses a k-partite graph layout (where k is the total number of images in
a sequence, and each detection is a node in the graph). This algorithm distinguishes RSOs from

stars by groupings of angular motion, since stars move differently from RSOs.
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Figure 2.8. Example of an image created from stacking a sequence of images, inverted for easier
viewing. Stars appear as black dots (example contained in dashed red circle), while RSOs appear

as black streaks (example contained in dashed red box).

Preliminary processing of the RSONAR images using this algorithm has found over 500 RSO

detections throughout the images. The performance of the algorithm is still being evaluated, and
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metrics will be provided in the future. Further analysis such as RSO tracking accuracy and RSO
identification, mission objectives two and three, respectively, is being conducted, and will also

be shown.

The number of RSO detections over the course of the flight has proven a successful mission.
Further processing is being carried out to extract data from these images, such as attitude

estimation, orbit determination, and optical property estimation.

2.6.3. Image Delays

The images taken during the mission were timestamped down to the millisecond. Given that the
exposure time was consistently 100 ms, it was determined that there was a significant delay
between each of the pictures. Ideally, the timestamps would increase in intervals of 100 ms, but
are in intervals closer to 400 ms, indicating delays of around 300 ms. Preliminary investigation
has shown that the microSD card used for the mission appears to be the primary cause of the
delays. Though chosen for its thermal resilience, the microSD card is of UHS Speed Class 1
(U1), which appears to have been too slow for the images. Testing with a UHS Speed Class 3
(U3) card yielded much smaller delays. The team has not found a microSD card with the same or
better operating temperature as the one that was used. Given that the microSD card is a critical
component, the delays must be managed in a different way, or a faster, limited operating
temperature microSD card must be rigorously thermal tested for use. In the future, we plan to use

image compression algorithms or different imaging rates and sizes to reduce the data rate.

2.6.4. Thermal Environment
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The PCO camera used in the RSONAR payload had three different temperature sensors at
various locations within it. These temperature sensors recorded the PCO camera’s internal
temperature for the duration that the payload was powered, from 11:00 PM local time to 8:30
AM local time the next day. The gondola itself had a temperature sensor recording the
environment temperature for the duration of the flight, from 11:37 PM local time to 1:10 PM
local time the next day. Figure 2.9 shows the three internal temperatures of the PCO camera

plotted with the environmental temperature recorded by the gondola.

Flight Temperatures vs Time
80

| Sunrise 6:27 AM EST

‘ Payload Off 8:30 AM EST

60

Temperature (degC)

1
Hours Since Payload Power On

* Environment  « PCO Power Supply PCO sCMOS PCO Camera
Figure 2.9. Internal temperatures of the PCO camera and environmental temperature, since the
payload was powered. Environmental temperature logging continued until 1:10 PM local time.
This work is based on observations with the CNES temperature sensor under a balloon operated

by CNES, within STRATO-SCIENCE 2022 and in the framework of the CNES/CSA Agreement.
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During payload development, the cold temperatures were the biggest concern, given that most of
the components had minimum operating temperatures of —40 °C. This minimum temperature
rating was not low enough to account for the almost -80-degree Celsius temperature expected
during the ascent through the troposphere. However, all the components of the RSONAR
payload survived the mission, and post-mission testing has shown no thermal damage observed

in the components.

During the mission itself, the coldest environment temperature observed was —77 °C, while the
coldest temperature observed in the PCO camera was —13 °C, well above the camera’s minimum
operating temperature. Furthermore, the temperature of the PCO camera decreased at a much

smaller rate than the environmental temperature.

However, the maximum temperature range appeared to be an area of larger concern. After
sunrise, the PCO camera temperature began to increase at a much larger rate than the
environment. At the time that the payload was powered off, the environmental temperature was
—30 °C, while the hottest temperature observed in the PCO camera was 55 °C. It appears that this
temperature would have kept increasing, given the positive rate of change of the temperature
when the payload was shut off. This temperature may have passed the 60-degree Celsius

maximum operating temperature, which may have caused damage to the components.

From the temperature data, it can be determined that passive heating (the thermal blanket and
heat generated by the PCO camera itself) was enough to keep the PCO camera well above its
minimum operational temperature during the mission. Given that the components survived with

no thermal damage, it can be determined that powering off the payload shortly after sunrise and
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thus removing the heat generated by the PCO camera, was enough to keep the PCO camera

below its maximum operating temperature during the mission.

Given that the temperature sensors were integrated into the camera electronics, they stopped
recording the temperature after the camera was shut off. In the future, we will make use of
external temperature sensors coupled to a separately powered circuit, such that the sensors can
continue to record the temperature even after the camera is shut off. The environmental
temperature data provided by the CSA can be used as a temperature profile for thermal testing on

the ground, which can provide a way to validate the system for future work.

2.7. Conclusions

The risk of in-orbit collisions is an ever-growing threat, and the need for SSA continues to grow
with it. Optical imaging remains a viable method of detecting RSOs, but ground-based

telescopes remain expensive, have large integration times, and limited FOVs.

The RSONAR mission successfully demonstrated the feasibility of using a star-tracker-like, wide
FOV camera for imaging RSOs. Over 93,000 images were captured, with preliminary analysis
showing over 500 RSOs detected within them. The payload was developed entirely using COTS
components. These factors present a cheaper, sub-orbital, rapid imaging alternative to typical
ground-based solutions for increasing SSA, demonstrating key technologies to extend the

payload to a space-based mission.

Though the cold temperatures were thought to be the biggest concern, the heat generated by the
COTS components, as well as the thermal insulation from the aluminum polyamide covering,

helped the payload maintain temperatures well within operating specifications. The upper-
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temperature range was the bigger concern, with device temperatures nearly reaching the
maximum operating temperatures before the payload was issued a shutdown signal from the

ground.

Given the promising preliminary results, we plan to advance the RSONAR payload for a space
mission. However, further changes need to be made to overcome some of the issues faced, and to
ensure the design is ready for the challenges of a low earth orbit environment. We aim to use a
radiation-hardened version of the Zyng-7000 SoC, combined with space-grade sensors and

custom pins to ensure the hardware is ready for the space environment.

For future work, we will demonstrate increased onboard image processing to detect RSOs in
real-time. This involves keeping only images containing RSOs to reduce the amount of data
stored and downlinked, as well as the time spent processing images for RSOs on the ground.
Furthermore, real-time image processing for RSO detections in future stratospheric missions will
serve as a technology demonstration for real-time RSO detection in space-based missions. This is
highly desirable because it is the first step in enabling autonomous, real-time action, such as
RSO tracking, changing camera parameters for better RSO imaging, and performing satellite
maneuvers, without needing a human in the loop. The FPGA environment will be better
leveraged to accomplish this by offloading processing-heavy tasks to the FPGA fabric, and

sequential tasks and sensor-interfacing to the integrated ARM processor.

38



3. Resident Space Object (RSO) Tracking in
Space-Based, Low Resolution, Non-Constant-
Attitude Imagery

This chapter is based on a paper currently under review describing an RSO tracking algorithm
designed to track RSOs within space-based, low resolution, non-constant-attitude imagery. This
imagery was acquired from the FAI instrument, an optical instrument onboard the CASSIOPE
satellite. The availability of this imagery provided a unique opportunity to use imagery from
existing space-based payloads to improve SSA. However, many challenges were posed by these
images, including their low resolution, high noise, presence of artifacts such as Earth’s limb, and
the non-constant attitude of the host satellite, causing both the background stars and RSOs to
move. These challenges prompted the development of a novel algorithm, combining multiple
image processing techniques to reliably detect RSOs. The algorithm consists of a custom
thresholding scheme to separate the background from the objects within the images, followed by
a simultaneous pose and correspondence algorithm to identify the rotation and translation of the
background stars between images, simultaneously correcting the motion and removing the stars
from the images. Lastly, a tracking algorithm based on a linear motion model was used to track
the RSOs within the images. The algorithm achieved 79% precision and 71% recall on a hand-
labelled 878-image dataset. Within these images 87% of unique RSOs were detected at least
once, as they passed through the imager’s FOV. Along with these results, additional research
involving the brightness and centroiding accuracy of the objects was conducted. These results

proved that the developed algorithm is a promising method for detecting RSOs within imagery
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from payloads onboard existing satellites, even in cases with reduced attitude control, during

slew maneuvers, or otherwise non-inertial pointing scenarios.

I developed the RSO tracking algorithm outlined within this chapter. I developed the 878-image
dataset, selecting image sequences based on a variety of criteria, and using CVAT.ai to label the
RSOs within them. I prepared all figures, and tables, and wrote the manuscript. Paul Harrison
and Matthew Driedger gave me helpful tips during the development of the algorithm. Randa
Qashoa provided me with her expertise on the image processing pipeline for SSA. Gabriel
Chianelli gave me feedback on the studies carried out to examine the centroiding accuracy of the
system. Vithurshan Suthakar provided me with his insight on the study carried out to analyze the
brightness of the objects detected by the system. Regina Lee provided me with her expertise and
direction in carrying out this research. All coauthors provided feedback and revisions for the

manuscript.

3.1. Introduction

The near-Earth space environment is experiencing a large and sudden increase in the number of
RSOs, which can be attributed to the increase in space-based activities. Satellite launches, anti-
satellite missile testing, and even in-orbit collisions contribute to the RSO population. The
Iridium 33-Cosmos 2251 collision in 2009 [50] and the Fengyun-1C destruction are just a few
examples of such activities contributing to the generation of space debris [51]. The space
community continues to work on mitigating the risks associated with space debris by improving
collision avoidance strategies, promoting responsible satellite disposal practices, and increasing

international cooperation to address this growing problem [52]. In order to implement these
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strategies, operators need detailed knowledge of the space environment to be able to task
satellites with collision avoidance maneuvers. Knowledge such as object velocity, orbital
parameters, and object identity are all necessary. The collection of this knowledge is an activity
referred to as SSA. A first step in achieving SSA can be through the use of optical imagery, from

which space objects can be detected and then identified [53].

Traditionally, SSA using optical imagery is conducted on the ground, using powerful, long-
exposure, narrow FOV telescopes. An example of such a telescope was NASA’s MODEST
telescope, which used a 1.3-degree by 1.3-degree FOV to capture images of orbital debris in
GEO using a five second exposure time [25]. These ground-based telescopes are used to track
the debris, following their motion through the sky, meaning that the RSOs appear as point
sources in the image. However, in LEO, complications arise in using a similar system to track
RSOs [28,29]. Instead, RSOs are usually detected from imagers operating in stare mode, where
RSOs pass through the FOV of the imager. These RSOs must then be tracked within sequences
of images using algorithms. In this case, tracking refers to the process of identifying unique
RSOs and maintaining their identities throughout images. A wide FOV system is preferred in this
case to maximize RSO quantity in the FOV. Many streak detection methods have been used to
identify star or RSO streaks in long-exposure astronomical images and can be categorized into
several classes [54]. These classes include simple methods such as source detection, computer
vision methods such as derivative-based edge detection, Point Spread Function (PSF) template

matching algorithms, and even machine learning algorithms [55,56,57,58].

However, short exposure imagery (as in the data considered in this research), captured in the

order of 10 to 100 milliseconds, requires the use of more sophisticated detection methods. In this
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type of imagery, stars and RSOs will both appear as point sources of light in images, making the
task of differentiating RSOs from stars more complicated. Instead, information from multiple
sequential images across time can be used. Furthermore, tracking must be performed to uniquely
detect RSOs. On the ground, stars will remain roughly stationary for short periods of time, while
RSOs will move through the FOV. Simple source detection can be used in this case, but a
different shape requirement must be used to detect RSOs. However, in space-based imagery, the
stationary star assumption may not be feasible, especially in cases with non-inertial pointing
spacecraft. In this imagery, the background stars move in addition to the RSOs, making the RSO
detection and tracking problem even more challenging. Given space-based hardware constraints
and the space environment, this imagery may be of lower quality than what powerful ground-

based systems can provide as well.

Nevertheless, multiple methods and pipelines have been developed to process short-exposure
astronomical imagery. Frame differencing has been used to detect RSOs in imagery where stars
do not move significantly in short time frames [59]. Consequently, this algorithm does not
perform as well when the imager is moving relative to the stars, which causes stars to move in
the images. Another commonly used method is image stacking, a technique which involves
combinations of subsequent astronomical images. This method has been successfully used to
both increase the signal-to-noise ratio of detections, as well as detect geostationary satellites
[60]. This method works well to detect these satellites because stars will tend to streak after
stacking, while geostationary satellites will remain in the same location. However, this method
may not be sufficient in detecting satellites that appear to be moving in images, such as ground-

based observations of LEO satellites or satellites as observed from a moving, space-based
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platform. Machine learning methods have also been used to detect RSOs. In [49], a CNN is first
used to classify images as containing detections (of both stars and RSOs), and then classified as
stars, RSOs or noise during the tracking process. A graph-based tracking method is used to match
objects between frames, which uses an objective function consisting of the minimum of a set of
four cost functions. The tracks determined by this algorithm are then classified into stars, RSOs,

and noise.

While most SSA images rely on narrow FOV, high resolution images from ground-based
telescopes, [61] outlines several benefits to wide FOV imagers like star trackers. These
advantages include their low cost, ability to image more of the sky per frame, faster integration

time, and lack of atmospheric restrictions over their expensive, ground-limited counterparts.

On the other hand, detecting RSOs in low-resolution imagery imposes a great deal of challenges.
While most object detection algorithms are designed for high resolution images where features
such as lines, corners, and facets are visible in the images, these methods are not applicable in
low-resolution images where a star or an RSO is represented with a very small number of lit
pixels. Furthermore, these low-resolution images contain more noise, making real objects harder

to distinguish from the noise.

In this chapter we outline a method for RSO detection and tracking in low resolution, non-
constant-attitude imagery. In Section 3.2, the full SSA pipeline is discussed. In Section 3.3, the
dataset used for this research will be outlined. In Section 3.4, the algorithm itself will be
described. In Section 3.5, the metrics used to evaluate the algorithm’s performance will be

introduced, followed by the results. In Section 3.6, the results are discussed, and advantages and
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limitations of the algorithm are described. In Section 3.7, improvements that are planned and

currently being performed are discussed.
3.2. Space Situational Awareness Pipeline

While the focus of this research is to present and evaluate an RSO tracking algorithm, it is
important to discuss the complete processing pipeline in detecting RSOs from unresolved optical
imagery for SSA. Firstly, as outlined in this research, RSOs need to be detected within a
sequence of images, producing detections in pixel coordinates relative to the imager’s frame of
reference. Then, coordinate transformations need to be considered to transform the RSO
detections in the images to an inertial frame of reference, such as the celestial coordinate system,
alongside the accuracy of this transformation. After doing this, the detected RSOs need to be
identified. This can be done by performing IOD to get an estimate of orbital parameters, from
which a matching algorithm can be used to correlate the detection to the positions of satellites as
reported by their corresponding ephemeris data or TLE data. It is important to note that this
pipeline does not consider photometric information from RSO detections, such as their
brightness. However, such information can be used to enhance RSO identification, or to gain

further knowledge about the RSO, such as its attitude.

3.2.1. RSO Detection and Tracking

The SSA pipeline begins by detecting RSOs within a sequence of images. As highlighted in
Section 3.1, various algorithms are used for this purpose, depending on characteristics such as
the imager’s attitude, the exposure time, the resolution, the Signal-to-Noise Ratio (SNR), and

artifacts in the images. The ideal RSO detection algorithm will be able to track RSOs across
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images, maintaining unique identities for each RSO over time. The algorithm’s output will

produce pixel coordinates of RSO detections.

3.2.2. Celestial Coordinate System Transformation

Each RSO detection made by the algorithm needs to be converted from image coordinates to
coordinates in an inertial frame of reference, such as the celestial coordinate system. This
coordinate system consists of the RA and Dec of a celestial object, which is based on an inertial
frame centered at the center of the Earth. To do this, an image first needs to be plate solved, a
process that identifies the stars in an image using a known star catalogue and returns the
astrometric calibration of that image, consisting of information such as the RA/Dec of the center
of the image, the orientation of the image with respect to the celestial coordinate system, and the
pixel scale [62]. Since the FAI instrument’s image plane rotates and translates over time (due to
the host spacecraft’s non-constant attitude), the orientation of the images will change over time
as well. However, as will be mentioned below, this movement can be negated using the RSO
detection algorithm in this research. This reduces the frequency at which the images need to be

plate solved.

With the center pixel RA/Dec, orientation of the imager, and pixel scale known, each RSO
detection can be converted to RA/Dec coordinates by first orienting the image such that the
positive y-axis aligns with North (the direction of increasing Dec). Then, the location of each
RSO in the image can be calculated as pixel offsets in the x-axis and y-axis independently, from
the center pixel location. These pixel offsets can then be converted to arcsecond offsets by using

the pixel scale. Finally, these offsets can then be added to the center pixel’s RA/Dec, following
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the convention of increasing Dec in the positive y-direction, and increasing RA in the positive x-
direction, to get each RSO’s RA/Dec. These transformations are often captured in a World
Coordinate System (WCS) file returned by tools such as [62] but need to be done manually as

outlined above if using a custom AD algorithm. Figure 3.1 visually depicts this transformation.

Figure 3.1. Illustration depicting the transformation performed to align the image axes (yellow)

to the celestial coordinate system axes (red), to then determine the x and y pixel offsets (purple)

to a desired RSO (blue) to determine the RSO’s RA/Dec.

3.2.3. Initial Orbit Determination

To accurately identify the RSOs in the images, further information is needed about the RSO,
such as its orbital parameters. These parameters can be extracted using an angles-only IOD
algorithm such as the Gauss or Laplace method [63], which seeks to use multiple observations of
the same RSO (in RA/Dec) to find its orbital parameters. Angles-only IOD algorithms are useful
in that information such as the range to the detected RSO is not required. However, the host

spacecraft’s positional information needs to be known as well.

3.2.4. RSO Identification
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With the RSO’s orbital parameters known, the RSO can be identified. This can be done by
correlating the detected RSOs to known RSO data. For this, the time at the instant of imaging
needs to be known, along with the corresponding RSO detections to be matched. Existing RSOs
need to then be propagated to this time by using existing information about them. Such RSO
information can be in the form of TLE data, ephemeris data, or some other system, coming from
databases such as Space Track and CelesTrak, or from internal databases generated from high-
confidence observations. A matching algorithm can consider the orbital parameters acquired by
the steps above, alongside metrics such as the closest RSO, and use them to find the best
matching RSO. RSOs detected in the FOV with poor matches may be uncatalogued RSOs, for
which repeated measurements should be conducted and orbital estimations refined to confirm

this hypothesis. Figure 3.2 graphically depicts this SSA pipeline.

Celostel Initial Orbit
RSO Detection Coordinate System e RSO Identification
4 Determination
Tranformation

Figure 3.2. Block diagram outlining the steps in the SSA pipeline for identifying RSOs from

unresolved optical imagery.
3.3. Dataset Used in the Study

The dataset used for this research consists of low resolution, short exposure imagery captured by
the FAI an instrument onboard the CASSIOPE satellite [64]. Though developed and routinely
tasked to image the aurora, RSOs appear in the FOV of the imager, allowing the use of the FAI
imagery for SSA purposes. Furthermore, this instrument has comparable optical properties to a

conventional star tracker, as described below and in Table 3.1.
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Table 3.1. FAI instrument properties.

Instrument Property Property Value
FOV 26° full angle
Focal Length 68.9 mm

Focal Length with Reducer 13.78 mm
f-number 4.0

Pixel Size 26 um by 26 um
Pixel Scale 388 arcsec/pixel
Resolution 256 by 256 pixels
Exposure Time 100 ms

The images have a resolution of 256 by 256 pixels, and an exposure time of 100 milliseconds.
Given the low resolution, short exposure time, and low angular rate of the host spacecraft, both
stars and RSOs appear as point sources of light with limited pixels per source. As of December
17,2021, the CASSIOPE spacecraft is spin-stabilized using torque rods, given the failure of its
momentum wheels [65]. This caused a variety of challenges that needed to be accounted for
during image processing. For example, the stars and RSOs both moved through image
sequences, which meant that traditional algorithms such as frame differencing could not be used
to identify RSOs, since these algorithms rely on a static background to identify RSOs.
Additionally, spin stabilization caused RSOs in the FOV to follow a curved trajectory. This
meant that a simple linear motion model could not be applied directly to identify RSOs.

Furthermore, the changing attitude of the imager caused the illumination conditions of each
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image to vary spatially, in addition to the temporal illumination change. This variable
background illumination, both within a single image and across multiple images, prevented the
use of simple thresholding techniques to process the images. Using a single threshold value
would result in both over and under-thresholded areas within a given image while inter-image
variability would cause similar over and under-thresholding throughout image sequences. An
algorithm that can consistently detect and track RSOs within these images needs to account for
all these challenges. Figure 3.3 shows a variety of images captured by the FAI instrument and
demonstrates some of the challenges in processing these images. More details on the FAI images

can be found in [20].
3.4. Tracking Algorithm Overview

An algorithm was developed to detect and track RSOs within FAI imagery. Several assumptions
were made to simplify the algorithm’s design. Firstly, it was assumed that the dominant point
sources of light within the images are stars. Secondly, it was assumed that the background stars
appeared to move rigidly within the imager’s FOV throughout subsequent images. These two
assumptions facilitated the use of the Iterative Closest Point (ICP) method to find and correct the
effect of the host spacecraft’s attitude on the images. Thirdly, it was assumed that RSOs travel
approximately linearly through images, after accounting for the spacecraft’s attitude with respect
to the background stars. Finally, it was assumed that RSOs travel the same distance between each
image. These two assumptions were used to design a method to distinguish RSOs from the
remaining objects after processing the images. The algorithm was developed in Python, using

OpenCV, scikit-learn, and scikit-image among other common Python libraries.
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Figure 3.3. Several examples of astronomical images taken by FAI. Stars and RSOs appear as

point sources of light with limited features. The illumination conditions vary significantly in the

images, posing a challenge for simple thresholding methods.

The algorithm takes in three images at a time, in a sliding window fashion. In other words, the
algorithm maintains three images in memory, replacing the last image with a new image, rolling
the window forward. The algorithm also takes in certain parameters as inputs, such as the
threshold value to use. As outputs, the algorithm produces text files containing the locations,
pixel sizes, and other telemetry regarding the detected RSOs. Optionally, the algorithm can also
generate processed output images, consisting of the RSOs detected within the current frame as
well as the predicted locations of previously detected RSOs which have disappeared from the

current frame.

The algorithm consists of five main steps as outlined in Figure 3.4, namely (a) preprocessing, (b)
ICP star removal, (c) three-frame RSO association and tracking, (d) position estimation, and (e)

RSO status and archival.
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Figure 3.4. Block diagram outlining RSO tracking algorithm steps.

3.4.1. Preprocessing

The preprocessing step consists of several processing techniques to generate a list of data such as

centroid coordinates corresponding to objects (stars, RSOs, and noise) from each raw image.

3.4.1.1. Image Reading and Cropping

Firstly, three images are read into memory. Given that the algorithm uses a sliding window of
three images at a time, the preprocessing must be performed on all three images for just the first
iteration. Later iterations only need to read in and perform preprocessing on the third (new)
image. The images contain additional information in the first 72 and last 12 rows of each image,

which are cropped from the images before processing begins.

3.4.1.2. Circular Region of Interest (ROI) Extraction

Next, the remaining pixels outside of the circular FOV of the imager are set to zero to prevent
false detections due to noise, and to prevent these areas from interfering with further processing.
This is done by keeping all the pixels in the image within a radius of 120 pixels from the center

of the image. This radius value is left as a parameter that can be adjusted.

3.4.1.3. Windowed Multi-Otsu Thresholding

After this, thresholding is performed to binarize the images, leaving the background as the

minimum value and the stars and RSOs as the maximum value. While well-established methods
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such as SExtractor exist for extracting sources from astronomical images, a custom algorithm
was developed for simplicity and specifically for thresholding images for SSA, where steps such
as background map construction, faint galaxy deblending, and star-galaxy separation are
unnecessary [66]. Given the varying spatial illumination in the image, a local thresholding
method is used to threshold each image in sections or windows. For the images used in this
research, a user-defined window size of 32 by 32 pixels was used to threshold each image,
window by window, which produced acceptable thresholding results. In cases where there is
significant spatial inhomogeneity, it is recommended to decrease the window size further, and

vice versa.

To account for the varying temporal illumination, histogram-based thresholding was used.
Specifically, Otsu’s method was adapted, which seeks to find a threshold value which separates
pixel values in an image into background and foreground classes [67]. The idea behind this
algorithm is that most pixels in an image will belong to one of those specific classes, forming
two peaks in the pixel histogram of the image. In the case of these images, those two classes
would be the background and the star and RSO signals. A threshold that best separates these two
peaks could then be found, determined for each image, to dynamically produce an optimal
threshold for each image. However, analysis of the histograms of FAI images revealed that there
existed a third class of pixels within the images, with average values greater than the background
but smaller than the star and RSO signals. This class appeared to belong to the illumination
effects, such as lens flare. For this reason, multi-Otsu thresholding was used instead, which
returned a threshold that separated the first two classes from the third class, allowing the stars

and RSOs to pass the threshold without any background effects. However, an experimentally
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determined constant needed to be added on top of the returned threshold value, likely due to
overlap between the pixel values of illumination effects and star and RSO signals. A user-defined
constant of 35 was used, found by manually adding to the returned threshold on a subset of
images until a desirable threshold was produced. This constant is recommended to be increased
or decreased depending on the results of the threshold returned by the multi-Otsu thresholding
algorithm. This threshold is calculated and applied to individual segments of each image, as
mentioned previously. An example result of this windowed multi-Otsu thresholding is shown in

Figure 3.5, for one image.

Figure 3.5. The original image (left) and the image after removing pixels out of the imager's

FOV and thresholding (right).

3.4.1.4. Object Detection

Next, Connected Component Analysis (CCA) is performed on each binary image to individually
segment and label groups of connected pixels. This offers a way to separate point sources within

the image into distinct objects [68]. For each of these objects, in each image, properties are
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extracted such as the total pixel area, height, width, and centroid coordinates of the bounding box
around the object. The centroid coordinates of the objects are especially useful in further

processing steps.

3.4.1.5. Object Filtration

Finally, the preprocessing step concludes by filtering the objects found in the previous step by
imposing maximum and minimum limits on each object’s properties. Firstly, a minimum pixel
area is imposed to remove small objects from the images, which are likely a result of noise such
as hot pixels and faint stars. In this research, objects corresponding to pixel areas smaller than
two pixels are discarded. Next, a maximum pixel area is imposed to remove large objects from
the images, which are likely due to surviving illumination effects such as lens flare. Objects
greater than 81 pixels in area are discarded in this research. After this, maximum width and
height thresholds were imposed to remove streak-like artifacts from the images, usually caused
by light streaking from bright stars and RSOs, as well as radiation strikes. A value of 15 pixels is
used as the maximum threshold for an object’s height and width. After this filtration step, the

data is ready to be processed for star removal and RSO detection.

3.4.2. ICP Star Removal

The next step involves removing the points corresponding to stars from the lists corresponding to
the three images by using the ICP algorithm, which seeks to find a rigid transformation that fits a
set of source points to a set of reference points, as well as the point correspondences [69,70].
This is done by iteratively matching the point sets and minimizing an error metric, in this case
the Euclidean distances between the point matches, until a threshold is reached. The method
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proves useful in that it does not require an initial estimation of the transformation or the point
correspondences. Though commonly used for lidar applications to reconstruct 3D surfaces from
different scans, a 2D implementation was used for this RSO detection algorithm [71]. As
mentioned previously, it is assumed that the stars between images appear to transform rigidly
This is because stars appear fixed due to their large distances away from near-Earth observers,
and only appear to move between images due to the host spacecraft’s own attitude. The other
relevant assumption here is that there are significantly more stars than RSOs in the images. Since
the algorithm returns the point correspondences, and the stars are often the dominant object in
the images, the ICP algorithm tends to match the star transformation between frames. Thus, the
returned list of matching points tends to be the star matches between the images. With three point
sets (corresponding to the three images), the idea is to keep the second image’s point set as the
reference point set, and then match the point sets from the other two images to the second image
point set. For this, ICP is applied twice, once to match the points from the first image to the
second image, and then the third image to the second image. The two operations return the points
that were matched (assumed to be stars) and all points from the first image and third image

transformed by the identified rigid transformation.

After having identified the stars in the images, they can be removed from all the images. The
matched points from the first image and second image are searched for within the original points
from the first image and second image and removed. The same operation is done between the
third image and the second image. Figure 3.6 shows an example of the points that are left over
from all the images after this, stacked onto a single image. A star identification method for star

removal would be less restricted and would return information about the RA/Dec, necessary for
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orbit determination. However, the algorithm is intended to be independent of AD (which
performs star identification) and using ICP for star removal has the additional benefit of
removing the spacecraft’s rotation from the RSOs, making them easier to detect with the
approximate linear motion model. Ideally, after this step, all that remains are RSOs, since RSOs
have motion different from the stars within the images. However, there are leftover stars that did
not get matched in the ICP algorithm and noise. Furthermore, the points corresponding to RSOs
have not been matched between the three images, since the ICP algorithm only returns the star
matches. Lastly, the RSOs have not been checked for matches in previous images. The next step

seeks to address these concerns.

Example of ]
Points Corresponding to RSO

Example of
Noise, Leftover Stars

Figure 3.6. The points left over after removing the stars from the three images, plotted against a
single background. Red (circle) corresponds to the first image, green (triangle) corresponds to

the second image, and blue (square) corresponds to the third image in the rolling window.
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3.4.3. 3-Frame RSO Association and Tracking

The next step uses an algorithm to determine which of the remaining points correspond to RSOs.
This is done by using the assumption that RSOs will travel the same distance between frames,
and that their motion will be roughly linear and in one direction. A nested for loop is used to
iterate through unique combinations of points, where each point must correspond to a different
image, and not already be matched to an RSO. The first step in the loop is to calculate the
distance, di, between the first point (first image) and the second point (second image), as well as
the distance d» between the second point and the third point (third image). Next, after ensuring
that neither distance is close to zero (to avoid divide-by-zero errors), the similarity of the
distances, dsimilarity, 1S calculated using Equation 3.1. If this similarity is above an experimentally
determined threshold (0.5 is used), the next check is performed, which determines how linear the
motion is between the points, and if they are in the same direction. This is done by determining

the vectors di and dz, and calculating the angle between them, using Equation 3.2.

dq
max(dl, 2)

0=cos‘1( 4> >( 2)
|di|d;|

To ensure that the motion of an RSO is roughly linear, the calculated angle must be limited to a

(.1

dsimilarity =

maximum value. It was found that some RSOs with large distance similarities may still have
large angles between their corresponding vectors. Similarly, some RSOs may have small distance
similarities but also have small angles. An appropriate maximum angle, Omax, was determined for

all distance similarities by plotting the distance similarities and their corresponding angles for
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both the remaining points and RSOs, as illustrated in Figure 3.7. The line that separated the
RSOs from the remaining points was then identified, as shown in Equation 3.3, and used to

calculate Omax for a given dsimilarity to classify a set of three points as an RSO or not.

Angle vs Distance Similarity
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Figure 3.7. Plot of angles against distance similarities of the remaining points and RSOs at this

step. A line can be found that separates each class.
Omax = 55dsimilarity —27.5(3.3)

Once these conditions have been met, the set of three points are associated to a single RSO
detection and are removed from the list of points to loop through. The next step involves
associating the detected RSO to previous detections. Since a sliding window is used, the current
iteration’s points in the second image will correspond to the previous iteration’s points in the

third image. The same can be said about the first image and second image, respectively. Using
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this information, the current RSO detection’s points can be compared to previous RSO
detections’ points to see if there is a match. If there is a match, the RSO detection is associated
with it. Otherwise, a new label is assigned to the detection. Figure 3.8 illustrates the results of the

3-frame RSO association algorithm, showing how the RSOs are picked out from the remaining

points.

3-Frame RSO
Association

Figure 3.8. The 3-frame RSO association algorithm selects the RSOs (right) from the remaining
points (left). Red (circle) corresponds to the first image, green (triangle) corresponds to the

second image, and blue (square) corresponds to the third image in the rolling window.

3.4.4. Position Estimation

The second to last step (d) is used to account for dropped RSO detections from previous frames
by estimating their positions using previous data. This step starts with looping through all the
RSOs from the last iteration that were not detected in the current iteration. If the position of that
RSO was not already estimated in the previous iteration (to prevent multiple position estimations
of false positive detections), its position is estimated in the current iteration. This is done by

calculating the x and y distance travelled by the RSO between the two previous frames and

59



adding it to the x and y coordinates of that RSO in the previous frame. Additional checks are

added as well, such as ensuring that the state that is estimated is within the FOV of the imager.

3.4.5. RSO Status and Archival

The last step (e) involves the generation of text files to report on the status of RSOs, and to
archive dropped detections. RSOs that are detected in the current iteration are reported, including
information such as their x and y pixel location, pixel size, and a Boolean to indicate whether the
RSO had been estimated in the current iteration. RSOs that were in the previous iteration, but are
no longer detected in the current iteration, have their information archived in a separate text file.
Optionally, figures are generated to provide a visual understanding of the RSO detections. Figure
3.9 is an example of RSOs detected in three frames, represented by bounding boxes with unique

identification numbers.

3.5. Results

3.5.1. RSO Detection

For the current study, we used a total of 878 images from the FAI instrument, collected over the
current year, 2023. RSOs in each image were annotated manually and 2191 RSO detections,
corresponding to 75 unique RSOs, were identified during the annotation, in total. As noted,
CASSIOPE is currently operated in spin-stabilization, adding complexity not only to the RSO
detection algorithm development, but to the annotation process as well. Slow moving RSOs

could be confused with stars, given that the stars were also moving in the images. Furthermore,
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RSOs were harder to visually detect due to the varying illumination in the images, making it easy

to lose track of an RSO or identify it in the first place.

First Frame Second Frame Third Frame

Figure 3.9. Example of figures generated by RSO detection algorithm. Detected RSOs are

captured in bounding boxes and given a unique identification number.

To quantify the performance of the developed algorithm, the precision and recall are used,
calculated using Equation 3.4 and Equation 3.5 respectively. These metrics use the True Positives

(TPs), False Positives (FPs), and False Negatives (FNs).

Precision = e 3.4
recision = TP L FP (3.4)

Recall = ——— (3.5
ecall = rpry G

There are several caveats with respect to the results which must be considered. Firstly, RSO
detections were determined visually from the images, and therefore the annotations may be
inaccurate, especially in challenging images. Furthermore, RSOs at the edge of the circular FOV
are ignored, given that the algorithm reduces the FOV to avoid lighting issues at the perimeter of

the FOV. Additionally, image sequences with drastic lighting changes were ignored. Finally, the
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True Negatives (TNs) were ignored, given the difficulty and ambiguity in calculating this

quantity.

Given that the algorithm uses three sequential frames to detect RSOs, the number of RSOs
reported at each iteration may be different than the number of RSOs reported in total, after
viewing an entire sequence. For example, if an RSO were to appear halfway through a sequence,
it would take three iterations (corresponding to three images) before that object was classified as
an RSO. However, the classification process detects the RSO in the previous two iterations as
well. Therefore, to capture this caveat in the results, the “Per-Frame (PF)” results are quantified
to show the performance at every iteration, and the “Full-Sequence (FS)” results are quantified to

show the performance at the end of an entire sequence of images. Table 3.2 shows these results.
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Table 3.2. RSO detection algorithm performance, Per-Frame (PF) and Full-Sequence (FS).

Test Date Number of | Precision | Recall Precision | Recall

Number Images (PF) (PF) (FS) (FS)

1 2023-01- 41 95% 85% 90% 90%
16

2 2023-01- 76 88% 87% 77% 93%
21

3 2023-01- 53 91% 68% 89% 75%
25

4 2023-03- 139 90% 64% 83% 71%
31

5 2023-05- 128 96% 64% 92% 72%
31

6 2023-06- 91 68% 46% 57% 52%
03

7 2023-06- 39 100% 52% 100% 56%
20

8 2023-07- 114 92% 81% 86% 91%
19

9 2023-08- 24 94% 89% 86% 100%
04
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10 2023-08- |75 84% 44% 72% 48%
04

11 2023-08- | 35 90% 81% 84% 90%
05

12 2023-08- | 63 88% 76% 80% 91%
05

Total 878 87% 63% 79% 1%

Another metric to consider when evaluating the performance of the algorithm is to measure how
many RSOs were detected at least once during the RSO’s crossing of the imager’s FOV. To
capture these results, the total number of unique RSOs, along with the number of detections and

missed detections is presented in Table 3.3.
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Table 3.3. RSO detection algorithm performance. RSOs detected at least once are considered as

detections.

Test Date Number of | Unique Detected Missed Percentage
Number Images RSOs RSOs RSOs Detected
1 2023-01- 41 1 1 0 100%

16
2 2023-01- 76 3 3 0 100%

21
3 2023-01- 53 5 5 0 100%

25
4 2023-03- 139 13 12 1 92%

31
5 2023-05- 128 17 13 4 76%

31
6 2023-06- 91 11 9 2 82%

03
7 2023-06- 39 2 1 1 50%

20
8 2023-07- 114 8 8 0 100%

19
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9 2023-08- |24 2 2 0 100%
04

10 2023-08- | 75 6 4 2 67%
04

11 2023-08- | 35 3 3 0 100%
05

12 2023-08- | 63 4 4 0 100%
05

Total 878 75 65 10 87%

3.5.2. Detection Accuracy

To quantify the positional accuracy of the detections, the centroids of objects detected by the
algorithm are compared to truth data. While an algorithm as outlined in Section 3.4.3. is
unavailable in this study to use as truth data for RSO detections, the background stars can be
used instead, given that the algorithm also detects stars as captured by the ICP algorithm in the
star removal step. To serve as truth data, images can be plate solved using a tool such as the one
outlined in [62]. However, tools such as these may contain their own centroiding errors, but for
this study, these are assumed to be negligible. Further studies conducted for the rest of the SSA
pipeline will evaluate the impact of centroiding errors on RSO identification. Since these stars
are centroided in the same way as the RSOs, and since both objects are similar in appearance
(point sources of light), the stars’ centroids can be used to determine the algorithm’s centroiding

accuracy. While the focus of this research is on RSO detection and metrics associated with RSO
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detection, centroid accuracy is an important consideration for the rest of the SSA pipeline and to

identify improvements needed.

Using [62], two images from 11 of the 12 sequences were plate solved to both identify the stars
in the images and their true positions. Sequence 7 was unable to be plate solved, given the
challenging lighting conditions (and lack of sources detected). While [62] was unable to plate
solve the original images, they were able to plate solve the thresholded images, and so these were
used. Given the rapid exposure time relative to the changing attitude, only two images per
sequence were used, one from the start and one from the end, since many of the same stars would
appear in subsequent images. Nevertheless, there were some duplicate stars, which were
included in the results since they are centroided again in subsequent images, hence not counting
as duplicated results. Table 3.4 presents the results from this testing, showing the number of stars
used in each sequence and the average centroid difference in pixels, from the true pixel location

of the stars.
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Table 3.4. Centroiding accuracy of the algorithm for the FAI images.

Test Number Date Number of Average Average
Stars Centroid Centroid

Difference in X | Difference in Y
(Pixels) (Pixels)

1 2023-01-16 82 0.65 0.75

2 2023-01-21 59 0.45 0.62

3 2023-01-25 50 0.49 0.63

4 2023-03-31 49 0.53 0.50

5 2023-05-31 44 0.58 0.59

6 2023-06-03 57 0.61 0.79

7 2023-06-20 N/A N/A N/A

8 2023-07-19 68 0.82 0.81

9 2023-08-04 82 0.91 0.79

10 2023-08-04 65 0.65 0.77

11 2023-08-05 72 0.60 0.65

12 2023-08-05 52 0.80 0.91

Total 680 0.66 0.72

3.5.3. Detection Brightness

Another result examined in this study is the brightness of the detections in the images, quantified

by their visual magnitudes in the visible band. RSO truth data would be especially difficult to use
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in this case, since the visual magnitude of RSOs can vary as their attitudes change, and the
assumptions that need to be made about their shapes when calculating their visual magnitudes.
Therefore, the stars are used again to determine the average, minimum, and maximum visual

magnitude of the objects detected.

The same two images were used for each sequence as in Section 3.5.2. The tool outlined in [62],
used to plate solve the images in the previous section, also returned the RA/Dec of the detected
stars, in each of the images. With these values, the corresponding stars’ visual magnitudes could
be queried, using the tool outlined in [72]. Table 3.5 shows the results from this analysis,
depicting the number of stars with visual magnitude information available for each sequence, the
magnitude of the brightest star, the magnitude of the faintest star, and the average magnitude of

the stars.
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Table 3.5. Visual magnitude results of stars detected by algorithm for the FAI images.

Test Number | Date Number of Brightest Faintest Average
Stars Visual Visual Visual
Magnitude Magnitude Magnitude
1 2023-01-16 75 2.98 7.14 5.12
2 2023-01-21 57 2.89 6.17 4.90
3 2023-01-25 46 2.89 6.57 4.95
4 2023-03-31 40 0.97 8.64 5.06
5 2023-05-31 43 0.91 7.74 4.01
6 2023-06-03 55 0.91 7.74 4.43
7 2023-06-20 N/A N/A N/A N/A
8 2023-07-19 67 2.07 7.44 5.17
9 2023-08-04 73 2.89 7.14 5.52
10 2023-08-04 66 3.08 7.31 5.13
11 2023-08-05 65 2.89 7.36 5.19
12 2023-08-05 51 2.89 7.23 5.25
Total 638 0.91 8.64 5.02

3.6. Discussion

Overall, the algorithm maintains good precision due to its robustness to FPs but struggles with

recall due to its high FNs. These FNs can be attributed to several reasons. Firstly, the algorithm
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was built on the assumption that RSOs travel roughly linearly as viewed through the imager’s
FOV. In some cases, RSOs did not travel in this fashion, instead following different motion
patterns. This was especially true for faint and slow-moving RSOs. However, the algorithm
handled most of these cases using Equation 3.3. Slow moving RSOs generally had high distance
similarities, and so larger angles would be permitted by Equation 3.3, allowing the algorithm to
capture some slow-moving, curving RSOs. Despite this, there were a few cases of RSOs which
curved heavily and had low distance similarities, which were not detected by the algorithm
consistently. Another cause of high FNs is the extremely faint RSOs. These RSOs were very hard
to distinguish even while annotating the data, given the changing illumination conditions and
noise in the images. FPs, though fewer, were also of concern, and were mostly due to the
challenging lighting conditions, which caused the thresholding to interpret the lit pixels caused
by the lighting as objects. Additionally, FPs were more prevalent in images with more noise,
given that these noise objects would not be removed by the ICP star removal algorithm, and may
consequently be incorrectly classified as RSOs. FPs were also more numerous in images
containing a larger number of stars as well, as the likelihood of these objects erroneously being
missed by the ICP star removal algorithm increased, as well as the likelihood of them then being
incorrectly classified as RSOs. The algorithm was mostly robust to occlusions, given that the
position estimation algorithm estimated the position of RSOs that should have appeared in a

particular frame, but were missing, overcoming the effect of occlusion.

Unsurprisingly, the precision is greater in the per-frame performance than in the full-sequence
performance, while the recall is greater in the full-sequence performance than in the per-frame

performance. This is because as mentioned, the per-frame performance considers each frame at a
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time, while the full-sequence performance considers all previous frames. This means that there
will be more FPs and TPs reported in the full-sequence result, since it considers the previous two

frames that created each detection.

Though the algorithm’s recall for the per-frame and full-sequence tests was 63% and 71%
respectively, the algorithm captured 87% of all RSOs at least once, through their crossings of the
imager’s FOV. This indicates that while there remains improvement to be made for detection
consistency, the algorithm does quite well in capturing RSOs when considering each RSOs full

transit.

While the results presented above depend on the algorithm’s performance alone (since the truth
data is based on the FAI images), the accuracy and brightness results depend both on the

algorithm’s performance and the limits imposed by the FAI instrument itself.

In terms of accuracy, the RSO detection algorithm is able to centroid stars in these FAI images
within one pixel of their true locations; 0.66 pixels in the x-direction, and 0.72 pixels in the y-
direction, which is relatively good given the low resolution of the images and smearing of the
detections due to the host imager’s attitude. Using the Euclidean distance formula, this
corresponds to an overall pixel difference of 0.98 pixels. Additionally, sequences with brighter
stars were detected more accurately, which makes sense given that brighter stars appear larger in
the images, which can be centroided with more accuracy. The opposite is true as well, given that
faint stars can correspond to just one pixel, reducing the accuracy with which these stars can be
detected. Given the pixel scale of 388 arcseconds, the centroid accuracy corresponds to 379
arcseconds. This could result in detected RSOs being kilometers away from their true positions.

Using algorithms to determine the orbital parameters of the RSO and iteratively improving these
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parameters can help match the RSO to known RSOs, effectively identifying the RSO that was
detected. Furthermore, more robust centroiding methods can be pursued to improve detection
accuracy. This centroiding error can also be reduced by averaging a detection over multiple

frames.

In terms of brightness, the algorithm detects stars with an average visual magnitude of about 5.02
within these images and can detect stars as faint as 8.64 in visual magnitude. With current
satellite constellations having magnitudes between 4 and 6 [73], the system would be capable of
seeing the majority of these RSOs appearing within its FOV, assuming that the algorithm itself is
able to detect these RSOs. This presents a significant opportunity for detecting and monitoring a

large number of satellites, validating their detections and identifying anomalies.

3.7. Future Work

As mentioned in the previous section, the algorithm’s FNs could be improved. With respect to
the highly curving RSOs, an improvement can be made by incorporating a more robust RSO
motion model, replacing what was experimentally determined and captured in Equation 3.3. We
are currently investigating the approach of fitting quadratic functions to established tracks to
classify RSOs, while assuming circular motion for stars. With respect to the extremely faint
RSOs, both the algorithm and annotation process could be improved to help detect these RSOs
by using a more advanced light source detection technique and by visually enhancing the data to
be labelled, respectively. Adjustments could be made to improve the algorithm’s robustness to
FPs, and consequently the precision. To improve the FPs identified in the results, the algorithm

could be improved by refining the state estimation algorithm to add a confidence score for RSO
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detections based on metrics such as its motion history. This confidence score could then be used
to limit which detections are found to be RSOs, decreasing the number of FPs. This could also
decrease the number of FNs, since a high-confidence track could be estimated more than once.
Additionally, the thresholding process could be improved or changed entirely to prevent lit pixels
from challenging illumination conditions from being detected as objects in further processing

steps. These improvements are currently being researched to enhance the algorithm.

To improve the centroiding accuracy of the algorithm (to subsequently improve the positional
accuracy of RSO detections made by the algorithm), a centroiding method which more
accurately considers the pixel intensity and shape of the detected objects is being considered. A
CNN-based algorithm is also being investigated since the shapes of the detections can be learned
and used to separate detections from the background. This would mean that even challenging
images such as in Figure 3.10 could be processed for RSO detection, expanding the number of

RSOs that can be detected, as well as the versatility of the RSO detection algorithm and

usefulness of the FAI images for RSO detection.

Figure 3.10. Three different examples of challenging images from the FAI. RSOs are still

present within these images but are harder to detect.
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Though the algorithm was only tested on FAI images, it is still applicable to other situations in
which the background stars may be moving as well, as described in previous sections. Since the
ICP algorithm can robustly determine rigid transformations, the algorithm can be used in
scenarios such as an imager on a stratospheric balloon platform. During unstable conditions such
as the launch of the balloon and high wind, the background stars will appear to move with
respect to the imager’s FOV due to excessive motion [19]. Another situation in which the
background stars will move is during a spacecraft’s slew operation. The algorithm could
theoretically be used to correct the rotation and translation of these stars and detect RSOs even in
these challenging conditions, and in the latter case, RSO detection can be performed as a

secondary task. The algorithm’s effectiveness in these situations is currently being investigated.

3.8. Conclusions

In this research, an RSO tracking algorithm was developed to track RSOs in low exposure, low
resolution, wide FOV star field imagery, where the background stars appear to move, due to
spacecraft attitude motion. The algorithm was built using rules-based methods, making use of
computer vision techniques for object detection, ICP for star removal, and linear motion
modelling for RSO classification. The algorithm was tested on real FAI imagery, as they are
publicly available and share specifications similar to commercial star tracker imagery. The
algorithm yielded a precision of 87% and 79% in the per-frame results and full-sequence results,
respectively, while yielding a recall of 63% and 71% in those respective result categories.
Overall, the algorithm detected 87% of RSOs at least once, during each RSO’s transit through
the imager’s FOV. The stars detected in these sequences were centroided with an accuracy of

0.66 pixels in the x-axis, and 0.72 pixels in the y-axis, and were on average 5.02 in visual
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magnitude. The algorithm’s recall could be improved by incorporating better motion modelling
and faint RSO detection, while the precision could be improved by adding further robustness to
challenging illumination conditions. The centroiding algorithm is being improved to consider the
shape and pixel intensity of the detected objects, while CNN-based detection is being considered
to increase the number of RSOs that can be detected in these images. These improvements are
currently being investigated, alongside the algorithm’s performance on night sky images taken

during unstable conditions on a stratospheric balloon.

While the process was challenging, the capability to detect RSOs from starfield images taken on
a moving, space-based platform provides an opportunity to examine the feasibility of SSA
operations during slew maneuvers, collision avoidance operations, harsh lighting conditions, or a
satellite that cannot maintain stability during its observation period. For example, any satellite
with a functioning star tracker can serve as an SSA instrument to provide useful information,

even under the conditions mentioned above.
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4. Towards a Benchmark Starfield Dataset
and Automated Data Labelling for
Unresolved Resident Space Object (RSO)
Tracking Algorithm Development

This chapter is based on a paper currently in preparation describing multiple fundamental
components of RSO tracking algorithm development, including a framework for efficiently
labelling RSO imagery, a preliminary dataset, a paradigm for RSO tracking algorithm
development, and a sample RSO tracking algorithm. Given the lack of a benchmark dataset,
algorithms developed for RSO tracking often used their own data, which was often not detailed
enough, shared, or coordinated, making algorithm comparison difficult. This ultimately made the
overall progress in the field of RSO tracking ambiguous, since algorithms developed on different
datasets are not directly comparable. A benchmark dataset and iterations of such a dataset are
difficult to produce, given the laborious nature of labelling small, visually similar objects, which
are the stars, RSOs, and noise in these images. For this reason, an automated labelling tool suite
was proposed and developed in this research to efficiently produce rich annotations in multiple
formats. Using these tools, a preliminary benchmark dataset was created and described as well.
Finally, an RSO tracking algorithm paradigm was suggested for future algorithm development,
along with a sample algorithm presented using this framework and corresponding preliminary
results. A preliminary 500-image benchmark dataset was developed using the proposed tools,
with more classes and data formats than was developed in previous research. This highlights the
potential that this labelling framework has, as well as the progress made towards a final

benchmark dataset. An RSO tracking algorithm was also successfully developed using the
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proposed tracking algorithm paradigm and successfully trained on the preliminary dataset,

demonstrating the potential of both the paradigm and dataset for future algorithm development.

I developed the annotation tools described in this chapter, along with the proposal of the
automated labelling framework. I created the 500-image preliminary benchmark dataset using
these tools, carefully selecting image sequences to include a variety of imaging conditions. I
developed the RSO tracking algorithm in this study, using a custom implementation of a CNN
for the detector, a custom implementation of an assignment algorithm for the first tracker, and
another custom algorithm for the second tracker. I prepared all the figures and tables and wrote
the manuscript. Regina Lee provided me with her expertise and direction in carrying out this

research. All coauthors provided feedback and revisions for the manuscript.

4.1. Introduction

SSA is a topic of increasing importance in recent years, given the sudden and exponential growth
of RSOs [5]. These RSOs consist of active objects and debris, such as weather satellites and
rocket bodies. Small objects, in the order of 1 cm to 10 cm, such as fragments of debris, are of
most concern, given their large number and difficulty in detection [9]. Currently, the United
States SSN provides most of the publicly available SSA data on these objects, as a catalogue
[15]. However, there are limitations to this data, such as the lack of data for objects smaller than
10 cm and the numerous objects that have been lost in the catalogue [15,12]. Better data is
required to ensure that the characteristics of more RSOs are well understood, necessary to avoid
catastrophic space-based collisions [10]. One way to improve SSA is to leverage space-based

optical sensors to capture images, and then identify the RSOs within them. Using imagery from
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such space-based sensors has a variety of advantages, including better coverage and imaging
windows than ground-based telescopes. However, this is a complicated, multistep process, which

begins by detecting and tracking the RSOs within the images.

Given the large distances between RSO observations and the host sensor, the RSOs will usually
appear as unresolved sources of light. In the case of long-exposure imagery in the order of
seconds, a streaking effect will occur, given the movement captured during the exposure time.
This movement may be due to the observed RSO’s movement relative to the host imager, the
host imager’s movement relative to the observed RSO, or a combination of both. Examples of
recent research that developed algorithms to process images of this kind can be found in [74] and
[75]. In the case of short-exposure imagery in the order of 100s of milliseconds or less, the RSOs
in the images will tend to appear as point sources of light. Star trackers, optical devices used to
determine the attitude of a spacecraft from stars detected in their imagery, use short exposure
times [76]. Given that many space-based payloads are equipped with star trackers, detecting and
tracking RSOs within this kind of imagery is a promising and efficient solution to bolster

existing SSA systems.

However, the point-source appearance of RSOs means that algorithms using single-image feature
detection methods will struggle to detect and track RSOs across images. Methods such as source
detection, derivative-based edge detection, template matching algorithms, and even spatial-
feature-based ML algorithms may struggle to tell apart RSOs from stars and noise in an image
[55,56,57,58]. For this reason, methods that incorporate temporal information are preferred. In
Chapter 3, an analytical algorithm was developed to detect RSOs in star-tracker-like imagery

from the FAI instrument, an optical imager onboard the CASSIOPE satellite. This method
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processed sequences of images in a rolling window fashion, then applied a linear motion model
to track RSOs. In [49], a CNN was used to detect all sources in a sequence of images, including
stars, RSOs, and noise, then a graph-based MOT algorithm was used to track objects, and finally
tracks were classified as stars, RSOs, or noise. Lastly, in [77], a Faster Recurrent Convolutional
Neural Network (Faster R-CNN) was combined with various preprocessing techniques to detect

RSOs.

Regardless of the method, algorithm development requires quality, labelled data. To measure
algorithm improvement over time, a benchmark dataset is also needed, where algorithm
developers can compare their algorithm’s performance to other algorithms on the same dataset.
Datasets in fields such as autonomous vehicle development, surveillance, and even particle
tracking are often followed by challenges. The datasets are often hosted online, where
researchers can access them to develop their algorithms. A competition is then held, where the
algorithms developed by various researchers are tested against a held-out dataset on a variety of
metrics. Examples of such benchmark object tracking datasets or associated challenges include
KITTI, Visual Object Tracking (VOT), TrackingNet, MOTChallenge, UAV 123, Tracking Any
Object (TAO), and Particle Tracking Challenge [78,79,80,81,82,83,84]. Datasets such as VOT
and its associated challenges have gone through many iterations. Datasets are usually expanded
and updated, new metrics are introduced, and competitions are organized again [85]. Over time,
algorithm performance on each evaluation metric usually increases for a particular version of the
dataset, as researchers develop better methods [81]. The idea is that such improvements translate

to better algorithms developed for real-world applications.
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In terms of RSO tracking, such a benchmark dataset, composed of real, space-based, unresolved
RSO observations, is not known to exist. This may be due to the difficulty in acquiring or
labelling such imagery, or the effort and coordination involved in developing a benchmark. In
[86] and [87], algorithms were developed to detect spacecraft, and their corresponding datasets
were introduced. While these algorithms achieve relatively good results on these datasets, the
algorithms and datasets are not representative of the unresolved RSO tracking problem that this
research is concerned with. In [86] and [87], some of the data was synthetically generated and
individual satellite components were visible, which may not be accurate representations of the
RSOs imaged by a star-tracker-like sensor. Furthermore, these datasets and algorithms are
concerned with object detection alone, and do not consider the corresponding identities of the
objects in subsequent images, using tracking annotations. In [88] and [89], algorithms and
datasets similar to [86] and [87] were introduced, with notable distinctions from [86] and [87].
These datasets are concerned with the problem of autonomous spacecraft pose estimation, where
it is desired not only to detect spacecraft in images, but to determine their attitudes as well. In
[88], the Spacecraft Pose Estimation Dataset (SPEED) was provided, consisting of spacecraft
detection annotations as well as spacecraft attitude annotations. Metrics for an algorithm
developed in this work are also provided. In [89], the SPEED+ dataset is provided, making use
of a robotic simulation testbed for mockup spacecraft images to improve upon the SPEED
dataset. This dataset sought to improve the robustness of developed algorithms and their
performance drop between synthetically generated and real data (referred to as the “domain gap”

issue). Again, while these datasets address the key problem of autonomous spacecraft pose
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estimation, they do not contain the images or annotations necessary to develop algorithms for

unresolved RSO tracking in space-based imagery.

As mentioned previously, algorithms have been developed for the specific problem of unresolved
RSO tracking in short exposure space-based imagery. However, each of the datasets used in these
studies had their limitations. The dataset in Chapter 3 only included annotations for RSOs, while
the annotations were limited to bounding boxes, which can miss pixel-level details. Furthermore,
the annotation process and attributes are not described in detail. In [49], synthetic and simulated
images were used to attempt to supplement the lack of availability of real, annotated images.
Furthermore, the annotation attributes and annotation process for the real FAI images are also not
described. Lastly, the study mentions that detection accuracy could be increased provided
examples of real, annotated data are added to algorithm training. While the dataset in [77]
describes the image quantity used, the specific sequences used and annotation attributes are
similarly unclear, as well as the annotation process. This study also discusses the need for an

expanded training dataset.

The differences between the datasets used in each study means that the developed algorithms
cannot be compared exactly. Combined with this problem, the discussed dataset limitations
highlight the need for a well-developed, benchmark dataset. The difficulty in producing such a
benchmark dataset lies in the time-consuming, laborious effort of labelling starfield imagery.
Current tools to annotate images lack many of the specific functions required to label these

images.

This chapter seeks to introduce a labelling pipeline and corresponding labelling tools to

efficiently annotate starfield imagery. This chapter also provides a preliminary 500-image
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starfield dataset developed using the proposed labelling tools, with significant advantages over
the previously developed datasets. Finally, this chapter provides an RSO tracking algorithm
development framework, using the track-by-detection paradigm. A sample tracking algorithm
composed of a CNN and custom tracker to test the developed dataset is also provided, along with
preliminary qualitative results. Section 4.2 discusses annotation details related to starfield
images, including the shortcomings of existing tools, challenges, and annotation attributes.
Section 4.3 discusses the annotation tools developed in this study and proposes a framework of
tools to streamline the annotation process. Section 4.4 describes the preliminary dataset
developed, including details of the host imager. In Section 4.5, the RSO tracking algorithm
framework is described. In Section 4.6, the sample RSO tracking algorithm is discussed, with the
preliminary qualitative results given in Section 4.7. Section 4.8 and Section 4.9 cover the future

work and conclusions of this research, respectively.

4.2. Starfield Image Labelling

4.2.1. Existing Annotation Tools

There currently exist many data annotation tools to annotate data of all kinds. V7, Encord, CVAT,
and Labelbox are all examples of feature-rich, well-developed data annotation tools
[90,91,92,93]. Every one of these annotation tools has the capability to label multiple forms of
data, including general images, videos, documents, and even medical data. These data annotation
tools are often web-hosted, allowing users to submit their data online to take advantage of tools
built into these websites. All these annotation tools also incorporate automation through

leveraging foundation models to assist users in labelling their data, which is known as Model
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Assisted Labelling (MAL). This makes the task of labelling images with objects such as people,
animals, and vehicles efficient. These tools also offer a labelling workflow, allowing multiple
collaborators to label the same dataset and functions to organize annotation tasks. While free,
demonstration-level access is given to use these tools, full use of the advertised features is
provided through various pricing schemes, in tiers based on user needs. CVAT even offers a

labelling service to have data labelled by professionals [92].

4.2.2. Challenges Labelling SSA Imagery

While these data annotation tools serve their purpose and offer efficient general labelling
methods, they have their shortcomings. The rich features offered by these tools are unnecessary
for the task of labelling objects in unresolved space imagery. Furthermore, these tools offer
limited features in their free versions, if available at all. Finally, a web-based labelling tool may
not be suitable for labelling SSA imagery, given the sensitivity that may be associated with this

data.

There are also specific challenges with labelling SSA imagery, which annotation tools need to
address. The objects in this type of imagery are often very small, sometimes just a single pixel in
size. These objects are often very faint as well, and some scenes can be crowded with hundreds
of objects. The various objects within the images, such as the stars and RSOs, tend to look
almost identical, and consequently the motion of the objects needs to be considered to
distinguish them. Finally, the illumination conditions in these images tend to change as well,

both within a single image and throughout a sequence of images.
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Annotation tools need to address these challenges, producing detailed annotations efficiently.
Pixel-level annotations are desired to be able to capture these small objects, while bounding-box-
style annotations are also preferred for algorithm compatibility. Furthermore, these tools need to
be open source and simple, while also providing automation to speed up labelling. Finally, these

tools should consider users’ privacy needs, offering the ability to have self-hosted labelling.

4.2.3. Annotation Format, Classes, and Attributes

To test, train, and validate RSO tracking algorithms, the annotated data should have several
different formats. As mentioned above, having pixel-level annotations would be beneficial to
capture small details, and are often used in CNNs performing semantic segmentation, such as U-
Net [94]. To accomplish this, the annotated data should include masks, images where each pixel
represents the class of that pixel in the corresponding real image. Figure 4.1 is an example of an
image and a corresponding mask. Masks can help algorithms learn the shapes and features of
objects in these images. Another important form of annotations is bounding box classes and
coordinates. CNNs such as You Only Look Once (YOLO) instead use these bounding box

annotations to learn shapes and features of the objects [95].

These bounding box annotations should consist of several attributes. Standard YOLO format
consists of an object’s class, represented by a positive integer, the object’s center x-coordinate,
the object’s center y coordinate, the object’s width, and the object’s height [96]. These
coordinates and dimensions are often normalized to a scale of zero to one. Each image can have
multiple objects, and each object is a new line with these attributes in a text file corresponding to

each image.
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Figure 4.1. An example of a starfield image and its corresponding mask. The mask consists of

two classes, objects (white pixels, or high values) and background (black pixels, or low values).

While CNNs such as U-Net and YOLO can serve as the first step in a tracking algorithm
pipeline, they do not use tracking-related attributes, since they are object detection models. To
test a full tracking algorithm in terms of its ability to track objects throughout a sequence, a
unique object identifier is needed as an additional attribute in the truth data. Each object in an
image sequence should carry this unique identifier throughout the image sequence. An example

of such an annotation protocol that uses a unique identifier is provided in [97].

4.3. Annotation Tools

To generate annotations described in the above format, several prototype tools were developed in
Python. While these tools were used to successfully and efficiently generate a preliminary
benchmark dataset, they are meant to serve as a demonstration for a framework of labelling. The
idea for these tools was to use previously developed RSO tracking algorithms to automate some

of the labelling process (similar to MAL), while developing an intuitive, easy-to-use Graphical
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User Interface (GUI) with only essential functions. The tools were developed as a four-module
suite, consisting of automated mask generation, mask revision, automated object classification,
and object class revision. The module system was developed so that individual tools could be
entirely replaced with improved tools, without affecting the rest of the tool suite. Over time, as
RSO tracking algorithms improve, these tools will be improved or swapped out entirely by
integrating the algorithms themselves into the tools. For the automated tools developed in this
study, components of the RSO tracking algorithm developed in Chapter 3 were built into them.

Figure 4.2 depicts the labelling flow using the labelling tool suite developed.

4.3.1. Automated Mask Generation

As mentioned, masks are important for helping semantic segmentation CNNs like U-Net
understand the features of the data. To start developing these masks, the first tool in the suite was
created to automatically generate masks. This tool takes the original images and produces masks
for them. The tool incorporates the windowed multi-Otsu thresholding technique described in
Chapter 3 to threshold the images. The window (slice) size and offset are each built into a GUI as
sliding buttons, alongside the thresholding result. This is displayed to the user, and the
thresholding result can be seen in real-time. Additional buttons such as “Save” and “Next” are
incorporated to save the mask and proceed to the next image, respectively. A “Save Blank”
button is incorporated in the case that an ideal mask cannot be generated for an image, in which
case a blank mask is created to manually develop using the next tool. Figure 4.3 is an example of

an input image, and the GUI a user sees for developing a mask for that image.
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1. Automated Mask Generation | 2. Mask Revision | 3. Automated Object Classification | 4. Object Class Revision
Figure 4.2. Illustration of the labelling flow using the developed 4-tool labelling suite. A

combination of automation and manual revision is used to generate the masks and text files.
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Figure 4.3. An example of an input image and the automated mask generation tool’s GUI for

developing the respective mask.

4.3.2. Mask Revision

The masks generated by tuning parameters in the previous step may not capture all the objects in
an image or may erroneously define pixels that are not objects as being so. A tool was needed to
address this issue in an efficient, user-friendly way. Manual mask revision accomplished this by
providing a means of manual mask revision. This tool takes in the masks developed in the
previous step, and enables users to produce hand-corrected, polished masks. This tool was
designed to take the mask and corresponding original image and create a composite image that
the user could view, letting them understand which pixels should be added and removed from the
mask. This composite image overlays the mask on to the original image, where the objects in the
mask, denoted by high pixel values (255 in this case) become translucent colours, and the

background in the mask, denoted by low pixel values (0 in this case) become completely
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transparent. This composite image lets users see colours representing the objects in the masks
superimposed on the actual objects in the image. Users can then visually verify if the objects in
the mask indeed correspond to real objects, and whether some objects are missed. By holding
down right-click on their mouse, users can remove pixels from the mask for incorrectly detected
objects, and by holding down left-click users can add pixels to the mask for missed objects. This
is done in a brushing fashion for efficient labelling. The GUI consists of this composite and
function, the file path of the current image, and keyboard shortcuts to traverse and save images.
Figure 4.4 illustrates this tool’s GUI, showing examples of objects that were missed and
incorrectly identified in the previous step. A shade of pink was used as the colour to denote

objects in the mask.

Nk Teiton - n %
Path: 2 FAI_2023-02-21_081814-082246/images/FAI_2023-02-21_081814-082246_1.png

| A - Previous | D - Next | S - Save | J - Previous and Save | L - Next and Save |

Missed Object

Figure 4.4. An example of the mask revision tool’s GUI. Examples of a missed object and

incorrectly detected objects are pointed out.
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4.3.3. Automated Object Classification

To make distinctions between the various objects in SSA imagery, algorithms need truth data
which also contains the classes corresponding to the objects. The next tool in the tool suite seeks
to accomplish this by automatically classifying objects in the images. The tool takes in a
sequence of at least three images and produces annotation data in YOLO format and images
consisting of masks with coloured bounding boxes around the objects, denoting the class of the
object. These images are for illustration purposes only, to help users visually understand the
automated algorithm’s performance. The automation was integrated into this tool by utilizing and
modifying the RSO tracking algorithm from Chapter 3. The objects within the masks are first
identified as unique objects using a CCA algorithm, with properties such as the bounding box
width, height, and center coordinates extracted [68]. The center coordinates are then used for the
next steps. To classify stars, the star removal algorithm discussed in Chapter 3 was modified. For
the version of the algorithm in this tool, after detecting the dominant rotation and translation of
the points, the points were classified as stars, rather than removed from the images. The RSO
tracking step of the algorithm in Chapter 3 was applied to the remaining objects in this tool.
Points that travelled linearly and were equidistant between three images (as defined as the RSO
detection criteria in Chapter 3) were classified as RSOs. Finally, the objects remaining after both
star and RSO classification were deemed to be noise and were classified as such. This tool was
developed as a simple run-to-click script, which processed the images and returned annotation
data in batch, and therefore, did not need a GUI. Figure 4.5 below gives a visual overview of the

inputs and outputs of this tool.
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Figure 4.5. Visual overview of the inputs and outputs of the automated object classification tool.
Both YOLO-format annotations and bounding box visuals are generated. In the visual, blue,
yellow, and green bounding boxes are placed around the objects, denoting RSOs, stars, and

noise, respectively.

4.3.4. Object Class Revision

The algorithm in the automation tool in the previous step will not always accurately classify
every object in the masks. For this reason, the next tool was developed as an efficient manual
method of changing object classes. This tool takes the generated annotations from the previous
step and uses them to draw bounding boxes, similar to the visuals, to then display to the user in a

GUI. The user is then able to set a class and click on objects to change their class to the set class.
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The YOLO-format annotations and bounding box visuals are automatically updated with these
class changes once the user saves that particular image. The GUI consists of this bounding box
image, buttons to select the class, the file path of the current image, and keyboard shortcuts to

traverse and save images. Figure 4.6 shows an example of the GUI.

# Mask Editor — I8l

Path: 2 FAI_2023-02-21_081814-082246/masks/FAI_2023-02-21_081814-082246_1.png

| A - Previous | D - Next | S - Save | J - Previous and Save | L - Next and Save |

Set Class Noise (Green)

Set Class RSO (Blue)
Set Class Star (Yellow)

Current class: (Star)

Figure 4.6. An example of the object class revision tool’s GUI. The user is able to set a class and
click on objects to change them to the selected class. The YOLO-format annotations are

automatically updated with these class changes once the user saves.
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4.4. Dataset

As mentioned previously, there is limited availability for well-annotated, real, benchmark
datasets for unresolved RSO imagery. Using the tools developed in the previous section, a
preliminary benchmark dataset was developed, both to demonstrate the efficacy of the labelling

tools, and to move towards the development of a benchmark dataset.

4.4.1. Host Imager and Image Characteristics

The data that was labelled and used to construct this dataset was captured by the FAI instrument,
a star-tracker-like optical imager onboard the CASSIOPE satellite [64]. While the imager was
intended to capture the auroras, RSOs have been observed to pass through its FOV, appearing as
unresolved point sources of light, due to the far distances of the observed RSOs and fast
exposure time of the imager. Since access to the FAI instrument’s data is publicly available [98],
the FAI instrument presents a unique opportunity for benchmark dataset development. Detailed

information about the FAI instrument can be found in Chapter 3, Section 3.3.

4.4.2. Previous Dataset

An 878-image dataset was created in the previous study to serve as testing data for the developed
algorithm. Data came from 12 different sequences of imaging, from the year 2023. The number
of images per sequence varied and were selected for characteristics such as RSO quantity variety
and illumination variation. The data was labelled using CVAT, and annotations were in the form
of YOLO-format attributes, as well as unique object identifiers. While this dataset was helpful in

developing and testing the algorithm, the dataset had some shortcomings. Firstly, only RSOs
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were annotated, meaning that algorithms that learned RSOs by differentiating them from stars or
noise may suffer from a lack of annotations. Additionally, the annotations were only in the form

of YOLO-format text files, meaning that semantic segmentation CNNs like U-Net could not use
the data directly. Lastly, sequences with many, faint RSOs were not labelled, given the laborious

nature of the annotation process.

4.4.3. New Dataset

With the development of the new labelling tools, the annotation process was improved
significantly. The data could be annotated much faster due to the automation and better
annotations could be produced. The new 500-image dataset includes classes for stars and noise,
in addition to the RSOs. Furthermore, masks were generated in addition to text files, providing
pixel-level details and truth data for semantic segmentation algorithms. This preliminary
benchmark dataset consists of 10 sequences of 50 images each, also capture from the year 2023.

Table 4.1 provides properties of the new dataset and old dataset.
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Table 4.1.

Properties of new dataset and old dataset.

Property Old Dataset New Dataset
Year 2023 2023

Image Resolution 256 x 256 pixels 256 x 256 pixels
Image Exposure Time 100 ms 100 ms
Image Quantity 878 500
Sequences 12 10

Images in Sequence Variable 50

RSOs Annotated Yes Yes

Stars Annotated No Yes

Noise Annotated No Yes

Tracking Annotations Yes No
YOLO-format Text Files Yes Yes

Masks No Yes

4.4.3.1. Sequences Used

To ensure algorithms developed using this data learn from a variety of images, a balance between
sequence variety and imaging continuity was necessary A 50-image length was standardized,
since this time was long enough for slow-moving and fast-moving RSOs to both travel across the
imager’s FOV, and temporally changing illumination conditions would be captured. Figure 4.7
shows an example of the first and 50™ image of a sequence, demonstrating that illumination

conditions can change in just 50 images. Limiting the sequence length to 50 images allowed
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labelling efforts to also go towards using a variety of sequences. This is important because
different effects, such as illumination and artifacts, can be captured in different sequences as
well. Figure 4.8 shows an example of images from different sequences, highlighting the visual
differences between them. However, it is important to note that imaging sequences captured by
FALI are not limited to 50 images, and longer imaging sequences are provided in the publicly
available data. The 50 best images from each imaging sequence were selected, based on criteria
such as the number of RSOs present and the visual variety of the images. Table 4.2 gives detailed
information about the labelled sequences, including the imaging date of each sequence, the
image range used from the available data, the number of unique RSOs in the sequence, and the
total RSO detections. Since the tracking label generation has yet to be developed, identifying the
number of unique objects for a class needs to be done visually. Given the numerous stars and
noise in the sequences and that RSO tracking is the focus of this research, only the unique
instances of objects were found only for the RSO class. Future research will seek to generate this
metric automatically, for all classes. Additionally, a further 10 sequences in this dataset are
currently being labelled and are left out of Table 4.2. The 10 sequences captured in Table 4.2 will

be focused on instead, and together create the preliminary dataset discussed in this study.
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Image 1 Image 50

Figure 4.7. An example of the first and 50th image of an image sequence, demonstrating that

imaging conditions change temporarily, within a single sequence.
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Figure 4.8. Example of six images from different sequences within the dataset, demonstrating

that imaging conditions can vary between sequences.
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Table 4.2. Description of the imaging date of each sequence, the image range used from the

available data, the number of unique RSOs in the sequence, and the number of RSO detections.

Sequence Date Image Range | Unique RSOs | RSO Detections
Number Used

1 2023-02-21 70to 119 14 263
2 2023-03-16 11to 50 4 119
3 2023-03-26 1to 50 5 160
4 2023-04-22 1to 50 13 364
5 2023-05-08 1to 50 4 86

6 2023-05-10 11to 50 2 57

7 2023-06-05 11to 50 3 142
8 2023-06-19 120 to 169 14 427
9 2023-07-20 110 50 5 62
10 2023-07-21 135t0 184 15 366
Total 79 2046

4.4.3.2. Class Analysis

To give a better understanding of how classes are represented in these images, the number of
detections for each class, for each sequence is presented in Figure 4.9, along with the number of
pixels in Figure 4.10. These figures are shown separately to develop an understanding of both the

number of instances each object has and the amount of space in pixels these detections result in.
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On average, each sequence of 50 images contains 205 RSO detections, 2836 star detections, and
401 noise detections. This results in an average of 69 total objects per image. On average, in
terms of detections per image, stars represent 82%, noise instances represent 12%, and RSOs
represent 6%. In terms of average pixels per sequence, background pixels represent 99.44%,

stars represent 0.49%, RSOs represent 0.04%, and noise pixels represent 0.03%.

In terms of detections, stars are overwhelmingly the dominant class, with several times more
instances than noise and RSOs. This is not unusual, as high-sensitivity wide FOV imagers
capturing the night sky or empty space will mostly pick up stars in their FOVs. However, this
does mean that the detection classes are imbalanced, and special considerations need to be made
when developing algorithms. This is especially true for RSO tracking algorithms, given that they
are the least represented class in terms of detections, yet are the most important class. The review
conducted in [99] offers an extensive description of the techniques used to handle the issue of
class imbalance. While RSO detections vary by sequence, generally, the more unique RSOs there
are, the more RSO detections there will be in a sequence. However, fast moving RSOs and
imaging sequences where RSOs have almost completed their transit across the imager’s FOV

will result in fewer RSO detections.
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Figure 4.9. Number of RSO, star, and noise detections for each sequence in the preliminary

dataset.

In terms of pixels, the background class is overwhelmingly the dominant class, accounting for
almost all of the pixels in an average image. Again, this is not unusual, as unresolved SSA
imagery of the kind this research focuses on will contain mostly background pixels. Furthermore,
the FAI instrument has a circular FOV, circumscribed by the square sensor, which can be
observed in several of the presented figures. This means that the corners of each image will by
default represent the background class. Again, class imbalance techniques are needed to ensure

that algorithms can properly learn to track RSOs.
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Figure 4.10. Number of RSO, star, noise, and background pixels for each sequence in the

preliminary dataset, represented as percentages.

While the detections of the noise class are almost twice the number of the detections in the RSO
class, they have almost the same number of pixels, on average. This is due to the fact that noise
objects are typically very small, sometimes a single pixel, represented by artifacts on the
imager’s lens or hot pixels. Another important consideration for the dataset is the subjectivity of
the noise class. In this dataset, the Milky Way, Earth’s limb, and lighting artifacts were
considered as part of the background class. However, arguments can be made that these objects
should be part of the noise class. In any case, the background class is an important part of the
dataset, given that algorithms need to distinguish between source objects like stars and RSOs as

well as background objects like those mentioned above.
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The number of objects of each class per sequence varies, as well as the total number of objects
per sequence. Sequence 1 is an example of a low-noise, low-object-density sequence, while
Sequence 8 is an example of a relatively high-noise, high-object-density sequence. Both types of
sequences are important when developing algorithms. Low-object-density sequences are
important to test algorithms for their ability to precisely detect objects, and not predict instances
of objects where there are none. High-object-density sequences are also important to test
algorithms for their ability to classify and keep track of objects, despite occlusions and close
approaches between objects. These sequences are also important to evaluate an algorithm’s

processing time.

In general, it is not recommended to use a spatial feature classification algorithm directly on each
image, to classify the objects. This is because most of the objects in an image look nearly
identical, and algorithms that use spatial features to perform classification may struggle to
distinguish them. Instead, it may be more ideal to perform classification as a later step, using the
motion information of each object. For this reason, having many instances of stars is beneficial,
since their motion needs to be precisely learned to distinguish them from RSOs, which can have

similar motion in slow moving examples.

4.4.3.3. Annotation Format

As mentioned, annotations for this dataset are provided as masks and as labels. The parent folder
contains one folder for the data for each sequence. These folders are named by sequence number
as well as the date and time of the original image capture. Each of these folders contains five
folders within them. The first folder is named “images” and has the original 50 grayscale FAI

images corresponding to that sequence, in PNG format. It is important to note that these images
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have been cropped, since the images available online contain additional rows of data in the
header and footer of the image that is not useful for this task. The second folder is named
“masks” and contains the corresponding 50 binary masks, also in PNG format. The third folder is
named “texts” and contains the corresponding 50 text files which contain the annotation data for
each image in YOLO format. The fourth folder is used internally by the annotation tool. This
folder is named “objects” and holds 50 corresponding text files of preliminary data, used to
generate bounding boxes for the GUI in the fourth annotation tool. The fifth folder is used for
visualization purposes to help users understand the classes of the objects in the images at a
glance, without having to go through the text files. This folder is named “boxes” and has the
corresponding 50 bounding box images in PNG format, developed by the third annotation tool.

Figure 4.11 illustrates the folder hierarchy and contents of this dataset.

4.4.3.4. Planned Dataset Improvements

The 500-image dataset developed using these tools is a preliminary dataset, serving as a
foundation towards creating a benchmark dataset. To achieve such a high-quality benchmark
dataset, several improvements need to be made. Firstly, tracking labels need to be built into the
developed tools, to then generate tracking annotations for the developed data. Once this is done,
another 10 sequences of 50 images each, corresponding to a total of 500 images will be labelled
to create a 20-sequence, 1000-image dataset. 1000 images would be enough for algorithms to
learn the data, given the similar shapes and trajectories of objects across images. These
sequences should include various challenges, such as high-noise sequences, sequences without
RSOs, and sequences with the Earth’s limb in view. Object overlap should be considered as well,

given that the generated tools currently cannot generate labels for object occlusions.
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Figure 4.11. Illustration of the folder hierarchy and contents of the preliminary benchmark

dataset developed in this study, using the developed tool suite.

After developing this benchmark dataset, it needs to be hosted on a publicly available platform
for users to access. A training and testing fold consisting of 16 of the 20 sequences should be
made available, while four of the 20 sequences should be held-out and used to validate
algorithms. The benchmark dataset should be marked with a version, and further improvements

to the dataset should be made and created as new versions.
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These new versions could use data from additional imagers and missions to move towards a
more generalized dataset. For example, a future version of the dataset could have long-exposure
imagery added to it. Images captured from dedicated CubeSat missions and other missions with

optical payloads could also be used for this purpose.

4.5. Algorithm Development

4.5.1. Algorithm Evaluation Metrics

Before considering the development of an algorithm to track RSOs, the relevant evaluation
metrics need to be considered. It may be desirable to describe an algorithm’s performance with a
single score, which can help simplify algorithm comparison. However, different algorithms may
excel in different metrics, which may be useful for different use cases. For example, an algorithm
that does not incorrectly identify RSOs often, but also does not always detect RSOs may be
preferred in cases where incorrect RSO detections can be severely detrimental to the mission.
Additionally, some algorithms may not have certain metrics applicable to them, such as RSO
detection algorithms, which may not be designed for tracking as well. For this reason, several
carefully selected metrics are presented to thoroughly evaluate algorithms, while not
complicating the comparison. Many of these metrics were also suggested in MOTChallenge,

which seeks to evaluate tracking algorithms as well [81].

The first set of metrics are related to object detection. As mentioned, some algorithms may not
have been developed to perform tracking or even classification, and simply seek to detect RSOs
within them. For this reason, only the precision, recall, and F1 score are used, as defined in

Equation 3.4, Equation 3.5, and Equation 4.1.
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F1s B 2 X Precision X Recall 41
core = Precision + Recall (4.1)

TPs are detections of RSOs made by an algorithm, that are indeed RSOs as confirmed by the
truth data. FPs are detections of RSOs made by an algorithm that are not RSOs in the truth data.
FNs are RSOs that exist in the truth data but have not been detected by the RSO detection
algorithm. For the dataset presented in this study, the resolution of the images is low, objects are
small, some detections may be a single pixel in size, and the labelling process itself does not
consider a weighted centroid for detection. For these reasons, a TP is arbitrarily defined as a
detection that falls within two pixels from the corresponding detection in the truth data. FNs
represent the opposite case, where an object in the truth data does not have a corresponding
detection made by the algorithm within two pixels. FPs are defined as detections made by the
algorithm that do not have a corresponding true detection in the truth data within two pixels.
Precision seeks to evaluate the “correctness” of an algorithm’s RSO detections. In other words, it
seeks to determine, of all the RSO detections made by the algorithm, how many of them were
actually correct. Therefore, the metric considers the TPs and FPs alone, with fewer FPs resulting
in a better score. This is an important metric to evaluate in use cases where false detections of
RSOs is undesirable. Recall seeks to evaluate the “completeness” of an algorithm’s RSO
detections. In other words, it seeks to determine, of all the RSO detections in the ground truth
data, how many of them the algorithm actually detected. Therefore, the metric considers the TPs
and FNs alone, with fewer FNs resulting in a better score. This is an important metric to evaluate
in cases where false detections of RSOs are acceptable, but the priority is to detect as many
RSOs as possible. Naturally, there is a tradeoff between these two metrics. This is because an

algorithm can be tuned to more “aggressively” make RSO detections, thereby increasing the
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number of TPs and reducing the FNs, but potentially at the cost of more FPs. The opposite can
be done as well. Algorithms with high precision and low recall are conservative in their
predictions of RSOs and are focused on making correct RSO predictions. On the other hand,
Algorithms with low precision and high recall are liberal in their predictions of RSOs and are
focused on detecting as many RSOs as possible. The F1 score seeks to combine the precision and
recall into a single metric, representing an algorithm’s performance across precision and recall.
The is an important metric to consider when a balance is needed between an algorithm’s
precision and recall. It is important to note that for these metrics, TNs have been excluded. TNs
represent detections that were not identified as RSOs by the algorithm and were indeed not RSOs
in the truth data. In the case of RSO detection, this may be ambiguous, since pixels not deemed
as RSO by the algorithm and truth data can each be considered a TN, or the entire background
can be considered a TN. In the former case, this would cause many TNs to be reported, since
images are mostly background, overwhelming other useful metrics. Additionally, the most

important task in this case is to focus on the RSOs, and so the background is of little concern.

The next metric criteria to focus on is object tracking, needed to quantify how well an RSO
tracking algorithm is able to track RSOs across sequences of images. Two metrics are given here,
called Multiple Object Tracking Accuracy (MOTA), defined by Equation 4.2, and Percent
Detected (%Det), defined by Equation 4.3. MOTA was chosen for a variety of reasons. Firstly,
MOTA captures a wide variety of errors in a single metric, making it a simple but expressive
representation of an algorithm’s performance with respect to tracking. It is a widely used metric
for evaluating modern MOT algorithms [81]. Secondly, MOTA captures tracking performance

from frame to frame, rather than for an entire sequence. Such an evaluation of tracking is
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sufficient and desirable due to its simplicity. Some RSOs can disappear for a few frames and
reappear, due to the RSO’s attitude with respect to the observing imager. This makes annotations
and algorithm design difficult and potentially ambiguous, since these RSOs would need to be
carefully examined to ensure that a reappearing RSO is indeed the same RSO. Instead, MOTA is
used to evaluate tracking performance due to its frame-to-frame method of capturing tracking
errors. The % Det metric was developed to capture the number of RSOs detected at least once by
an RSO tracking algorithm, providing insights into what sequences and specific RSOs offer
challenges for algorithms. For future work, longer, identity-based measures may be considered,
such as Identification Precision (IDP), Identification Recall (IDR), and Identification F1 (IDF1)
[20]. Multiple Object Tracking Precision (MOTP) is also not considered here, given that the
precision of the detections in terms of their respective locations in the images is already captured

in the object detection precision metric provided above.

Y./ FN; + FP; + IDSW;
X GTr

MOTA=1- (4.2)

Y%Det Number of Correct Unique RSOs Detected % 100 (4.3
ovet = Number of True Unique RSOs (4:3)

In Equation 4.2, f represents the frame index of a particular sequence. An ID Switch (IDSW)
refers to the event where an object is incorrectly identified in a subsequent frame. That is, the ID
assigned to the object in the second frame is not the ID assigned to the same object in the first
frame. The research in [81] makes the important note that while it is desirable to have fewer
IDSW, sequences with many objects will naturally have more IDSW. Therefore, it may be

desirable to consider the relative IDSW, which considers the IDSW with respect to the recall.
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This relative IDSW metric may be considered as part of the final benchmark dataset. Ground
Truth (GT) refers to the total number of objects in a frame. In cases where the tracker makes
more errors than there are number of objects in a particular frame, the MOTA value for that
frame can be negative. In Equation 4.3, it is important to note that an RSO needs to be detected
only once to count as a correct unique RSO detection. Again, it may be ideal to present this

metric relative to recall, which will be considered in future work.

Processing-related performance metrics, such as per-fame execution time, power consumed, and
memory consumed are not considered in this study. However, they are quite valuable to consider
for implementation of these algorithms at the edge, in dedicated or secondary missions. Further
work may consider these metrics, after baselining hardware to use to evaluate algorithms for

these metrics.

4.5.2. Multiple Object Tracking

To develop RSO tracking algorithms, the problem is treated as a MOT problem, where RSOs can
be multiple objects in an image, and need to be uniquely tracked across a sequence of images
capturing their movement in time. The MOT problem is often separated into two distinct

frameworks, tracking-by-detection, and tracking-and-detection.

4.5.2.1. Tracking-by-Detection

The tracking-by-detection framework separates detection and tracking into distinct functions. An
independent detection algorithm, or detector first detects objects across multiple images. These

detections are then provided to an association algorithm, or tracker, which seeks to find the

110



corresponding object matches from previous frame(s) to the new frame. This loop of detecting

objects and then associating them continues until the end of a sequence is reached.

Multiple algorithms exist for the purpose of detecting these objects in images and can be used as
the detector in the tracking-by-detection framework. As mentioned, algorithms such as source
detection, derivative-based edge detection, template matching algorithms, and even spatial-
feature-based ML algorithms can be used to extract all objects from the images used in this study
[55,56,57,58,49]. The key to using these methods is to distinguish the objects in an image from
the background, rather than trying to distinguish the objects from each other (which occurs in a
later step). The custom thresholding algorithm in the previous research in Chapter 3, combining
windowed multi-Otsu thresholding and CCA can also be used for this purpose. Ideally, these
algorithms ultimately produce a list of objects for a particular image, with information tied to
each object, such as its centroid coordinates, pixel width and height, and total pixel intensity.

This information can then be handed off to the tracker.

Multiple algorithms also exist for the purpose of associating objects across images, developing
and maintaining unique instances of them. The nearest neighbour algorithm is a simple
association algorithm that can be used for this purpose. Objects in the current image that are
closest to the objects in the previous image (in terms of Euclidean distance, or some other
distance metric) are associated correspondingly. However, trackers using this algorithm need to
consider special cases, such as multiple objects in the previous image being assigned to a single
object in the current image. The Hungarian algorithm is another popular choice for associating
objects, which seeks to solve the Linear Assignment Problem (LAP), where a one-to-one

matching is found between two sets [100]. In this case, each set represents the objects in two
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consecutive images. To use the Hungarian algorithm, a cost matrix needs to be created, where the
rows of the matrix correspond to the objects in the previous image, and the columns correspond
to the objects in the current image. Each individual entry of the matrix represents the cost of
assigning the corresponding object from the previous image to the corresponding object in the
current image. Various costs can be used for this purpose, such as the distance between objects
and the differences in their intensities. The Hungarian algorithm minimizes this matrix, finding
the optimal assignment between objects in the first image and objects in the second image.
Implementations may need to be further augmented to handle cases where objects disappear

from the frame, and when new objects appear in the frame.

More recently, data-driven methods have been used to perform data association. The survey in
[101] provides a comprehensive review of these methods, and the multiple ways in which this
can be done. The research in [102] developed a Deep Neural Network (DNN) that learned to
associate objects by using cost matrices, such as the example presented above, as truth data.
Recurrent Neural Networks (RNNs) such as Long Short-Term Memory (LSTM) networks have
also been shown to be promising methods of associating objects in the field of particle tracking,
which face many similar challenges to RSO tracking [103]. Another way data-driven methods
have been used for data association is by learning features to use in generating costs for cost
matrices, as defined above, to then pass to algorithms such as the Hungarian algorithm. Rather
than hand-crafting cost functions, RNNs can be used to extract feature vectors from candidate

associations between an object in the previous frame and objects in the next frame.

In the images in this research, the objects in an image are not just limited to RSOs, but stars and

noise as well. In the tracking-by-detection MOT paradigm, a distinction needs to be made
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between these objects, in addition to tracking them. To do this, track features should be extracted
for each object track, and classification algorithms should be used to classify the features. Such
track features can be the object’s speed, the object’s acceleration, and the coefficients of a
polynomial that fit the shape of the track. The idea is that while the visual appearance of RSOs,
stars, and noise may be difficult to distinguish in a single image, their motion over time can be

used to tell them apart.

4.5.2.2. Tracking-and-Detection

The tracking-and-detection MOT paradigm tightly combines the detection and tracking process.
The tracking process is usually used to help find new detections of previously detected objects in
new data. The tracker may propose certain ROIs to consider based on existing tracks for
detections, and the rest of the data can be ignored. Many methods that operate in this paradigm
use the Kalman filter or variants of it [104]. The Kalman filter is used to estimate the new state
of an object in two steps. First, it makes a prediction of an object’s new state by using old state
information and a motion model of the object. The Kalman filter then updates its prediction
based on new sensor data, applying a weighting to the prediction as well as the measurement
data, using uncertainties from each. Individual objects in images can have their own Kalman
filter applied to them, but additional modifications need to be made to handle missed detections,

new detections, false detections, and assigning the correct objects across images.

To aid the problem of assigning the correct objects to each other across images, probability-
based methods can be used, such as the Joint Probabilistic Data Association (JPDA) method
[105]. The idea is to find the best matching candidate by generating hypotheses for all new

detections about how they can be associated with the predicted positions of existing objects. A
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validation gate is used to ensure that only detections that are close enough to these predictions
are considered. The probabilities are then calculated to represent how well each new detection
matches the valid corresponding existing objects, also considering the possibility that the new
detections are attributed to errors. Tracks generated using JPDA can consist of multiple weighted
hypotheses, not just a single hypothesis. The low-probability hypotheses can be pruned over time

to reduce computational time and complexity.

In the tracking-and-detection paradigm, a distinction may need to be made between objects that
are being tracked as well, to define them as RSOs (which are of interest), stars, and noise.
However, in this paradigm, this distinction can be leveraged early on so that only detections that
are suspected to be RSOs are tracked across frames. Furthermore, the motion characteristics of

RSOs can be leveraged into motion models for algorithms using tracking-and-detection.
4.6. Sample RSO Tracking Algorithm

In this research, the tracking-by-detection paradigm was used to develop an RSO tracking
algorithm. This paradigm was used because it allowed for the distinct separation between the
detection algorithm and tracking algorithm. This meant that either algorithm could be improved
or substituted, without having an impact on the other algorithm, allowing for a comparison of
various permutations of detector and tracker in future work, as well as modularity when
implementing the RSO tracking algorithm in various scenarios. A custom implementation of the
U-Net CNN [94] was used as the detector in this study, for several reasons. Firstly, a
convolution-based method of detection was thought to prove superior to a thresholding-based

method of detection, since while the background of the scenes might change, the objects
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themselves will appear as point sources of light through images. Secondly, a Neural Network
(NN) was chosen for this task so that the various shapes of the objects could be learned from the
data, rather than hand-crafting templates for each object, which may prove to be both laborious
and erroneous. For the tracker, both the Hungarian algorithm with hand-crafted cost functions, as

well as a custom assignment algorithm were used.

4.6.1. CNN for Object Detection

A custom U-Net implementation was developed for this research, differing slightly from the
original version. The input layer was set to accept 256-pixel by 256-pixel grayscale images. The
contracting path consisted of five convolutional layers. Each convolutional layer consisted of a
2D convolution, a dropout layer, another 2D convolution, and a max pooling layer, save for the
fifth and final convolutional layer, which did not have a max pooling layer. The contracting path
served to extract deeper and deeper features from the data. The expanding path consisted of four
transposed convolutional layers. Each transposed convolutional layer consisted of a 2D
transposed convolution, a concatenation operation to combine the output with the corresponding
layer in the contracting path, a 2D convolution, a dropout layer, and another 2D convolution. The
output layer consisted of a single 2D convolution with a single 1-pixel by 1-pixel filter, using the
sigmoid activation function, to generate the output probability map. Figure 4.12 gives a visual

overview of the CNN.
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Figure 4.12. U-Net CNN architecture for detector developed for the RSO tracking algorithm.

In all 2D convolution operations, the Rectified Linear Unit (ReLLU) activation function was used,

save for the final 2D convolution used in the output layer. Padding was added after the 2D

convolution operations to ensure the image size stayed the same. The first convolutional layer in

the contracting path used 16 filters for both 2D convolutions. Following convolutional layers

sequentially doubled the number of filters used for each corresponding 2D convolution, with 256

filters used for both 2D convolutions in the final layer of the contracting path. A similar scheme

was used in the expanding path, starting with 128 filters used for the 2D transposed convolution

and both 2D convolutions in the first 2D transposed convolutional layer. Following 2D

transposed convolutional layers halved the number of filters, until 16 were used in the final 2D

transposed convolutional layer. Each 2D convolution used a 3-pixel by 3-pixel filter. Max

pooling layers used a pool size of two pixels. Dropout layers sequentially increased the

percentage of dropped neurons in the contracting path, dropping 10% of neurons in the first and
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second 2D convolutional layer, 20% of neurons in the third and fourth layer, and 30% of neurons
in the fifth layer. In the expanding path, the dropout sequentially decreased, with 20% of neurons
dropped in the first and second layer, and 10% dropped in the fourth and fifth layer. Adam was
used as the optimizer, while the binary cross entropy function was used as the loss function,
given that there were two classes (objects and background). The network consisted of 1.9 million

learnable parameters.

The filters used in each layer and the number of layers were chosen somewhat arbitrarily.
However, it is likely that there are far too many filters and layers than necessary. This intuition
comes from the fact that RSOs, stars, and noise are simple, blob-like objects. They can likely be
represented by far fewer filters than was used. The same can be said about using multiple layers,
given that deeper layers capture deeper features, which may be unnecessary for the case of
RSOs, stars, and noise. The number of filters and layers will be reduced iteratively, in future

work.

4.6.2. Algorithms for Object Tracking

Two different algorithms were developed for the tracker component of the RSO tracking
algorithm in this research. The first algorithm used the Hungarian algorithm, while the second

algorithm used a priority-based assignment technique.

4.6.2.1. Hungarian Algorithm-Based Assignment Tracker

The first tracker was developed by using the Hungarian algorithm along with hand-crafted cost

functions, with further modifications to handle new objects that have been detected, old objects
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that have left the scene, and missed detections. The algorithm started by loading in the points

detected from the first image and initiating tracks for all the objects.

In the case of the second image, the points were loaded in again, and a distance cost matrix was
formed. The rows in this cost matrix represented existing tracks, while the columns represented
new detections. The entries of the matrix were computed by calculating the Euclidean pixel
distance between the current locations of the corresponding tracks and locations of the new
detections. A maximum distance of 10 pixels was arbitrarily set, such that a Euclidean pixel

distance greater than 10 pixels had an arbitrarily large cost.

In the case of the third image and all subsequent images, the distance cost matrix was replaced
by an estimation cost matrix. The entries of the estimation cost matrix were calculated as
follows. First, new positions were estimated for established tracks, using a linear motion model.
The scenarios where the estimation is beyond the image borders and where there are too many
estimations for a particular track were handled accordingly. Next, the Euclidean pixel distances
between tracks and new detections were similarly calculated, using the track’s estimated position
rather than the track’s last position. In this case, the cost for corresponding Euclidean pixel
distances greater than 0.1 pixels was set arbitrarily high, while the cost for distances less than or
equal to 0.1 pixels were set as 0, to represent perfect assignment. A function was used to prune
high-cost rows, the idea being that the smallest cost of a row for any corresponding detection
will still be large for cases where the track has terminated, with no new detections. A similar
pruning scheme was done for high-cost columns, the idea being that detections with high costs

for any corresponding track will likely be new detections.
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In either case, the Hungarian algorithm was then used to find the best assignment of existing
detections to tracks by finding an assignment of rows (tracks) to columns (new detections) in the
corresponding cost matrix. Functions were added to update tracks, create new tracks, estimate
missed tracks (that are thought to still exist, but were undetected by the detector), delete old

tracks, and generate helpful visuals and text files.

4.6.2.2. Priority-Based Assignment Tracker

The second tracker was developed to simplify the assignment process and tackle some of the
nuances experienced with the data. The algorithm was constructed similarly to a nearest
neighbour algorithm, where well-established tracks would be associated to new detections first,
followed by newer tracks. The idea is that well-established tracks are likely to have a detection
within the next frame (save for when the detection has left the frame), while newer tracks may be
falsely created tracks, which do not have new detections in the next frame. The algorithm again
started by loading points for the first image and establishing tracks for them. The rest of the

algorithm occurred in a loop for the rest of the image, regardless of the image number.

The algorithm then assigned detections to the well-established tracks, which are tracks that had
at least two prior detections. This was done by first estimating the new position for each track,
then looping through the estimated positions of those well-established tracks, and then finding
the closest detection to each track, based on Euclidean distance. Again, a maximum distance was
enforced. If no close detection was found, the estimated position of that track was kept as a
detection but marked as an estimated detection rather than a true detection. Only tracks that

consisted of true detections in the previous frame were estimated to prevent estimating false

119



detections multiple times. Detections that had been successfully assigned were deleted from the

list of new detections.

The algorithm then assigned the remaining detections to newer tracks, following a similar
assignment method as above. However, since the newer tracks could not be estimated, only the

detections from their last frame were used to find the nearest corresponding new detection.

In the case that there were still new detections left over after assignment, the algorithm created
new tracks out of them. Additionally, tracks that could not be estimated or left the image

boundary were archived. The algorithm ended by generating visuals and text files for review.

4.6.3. Object Classification

As mentioned previously, classifying the tracked objects into RSOs, stars, and noise is necessary,
since RSOs are of interest, and can only be distinguished based on their motion characteristics,
which is different than that of stars and noise. While this was not completed in this research,
future work will seek to perform this classification by extracting track characteristics, such as the
average velocity of the object, and the coefficients of the quadratic that models the shape of the

object’s track.
4.7. Preliminary Algorithm Results

To offer preliminary insight into the algorithm’s performance, several results are presented, of
which most are qualitative. The purpose of the developed algorithm is to offer a means of testing
the generated preliminary dataset and to offer a paradigm of RSO tracking algorithm

development, rather than to push the current state-of-the-art.
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4.7.1. Object Detection

To train and test the CNN detector, the entire 500-image preliminary dataset was used. A test-
train split of 80%-20% was used, where Sequences 1 to 8 were used for training for a total of 400
training images, while Sequences 9 and 10 were used for testing for a total of 100 testing images.
Of the 400 images, a validation split of 90%-10% was used for training and validation, using 360
images and 40 images each. A batch size of 16 was used, and the training period was set for 25
epochs. An early-stop function was used to stop training in the case that the CNN’s accuracy
stagnated, to prevent overfitting. Figure 4.13 illustrates the model’s training loss for each epoch,
while Figure 4.14 illustrates the training accuracy. Given the stagnation in training accuracy, the
model only trained for 11 epochs. Figure 4.15 provides examples of the model’s output
probability maps thresholded at a probability of 0.5, as well as the corresponding images and

masks. The model achieved a final test loss of 0.018, and a test accuracy of 99.34%.
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Figure 4.13. Custom U-Net CNN’s training loss, per epoch.

Model Training Accuracy vs Epoch

2 3 4 5 6 7 8 9
Epoch Number

Figure 4.14. Custom U-Net CNN’s training accuracy, per epoch.
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Figure 4.15. Output probability maps thresholded at 0.5 (center), along with corresponding

images (left) and corresponding masks (right).

A probability threshold of 0.5 was found to be the ideal value for balancing between capturing
faint objects in the images and generating false detections. However, this may be indicative of
the fact that the model was struggling to properly separate detections from the background with
high confidence. The model ended up stopping training after 11 epochs, which indicates that the

training had stagnated by the 11" epoch. Given that the training loss was quite low, and accuracy
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was quite high at this point, it can be said that the CNN had sufficiently learned enough from the
data, such that 11 epochs were enough to separate foreground objects from background. The high
accuracy indicates that the model is able to predict each pixel as foreground or background
correctly very often, while the low loss suggests that, of the incorrectly predicted pixels, the
prediction itself was not far off from the actual value. Another important consideration is the
class imbalance. As mentioned previously, on average, images are 99.4% background. The
accuracy and loss of the model may be significantly overrepresented and underrepresented
respectively because of this, since the model is incentivized to predict the background class more
often, even though the objects in the images are of most importance. Thresholding the
predictions at lower and lower values can help overcome this and may be why 0.5 is a good
threshold to use. Furthermore, this may also suggest that further training may be occurring at
later epochs, as the model increases its accuracy, such as during epochs seven to nine. For this
reason, it may be worth removing the early-stopping function. Alternatively, it may be worth
leveraging a different loss function, which weighs the background class less heavily than the
foreground class, or vice-versa. Lastly, it may be the case that the model is far larger than
necessary, both in terms of filters and layer depth, given that the training accuracy reaches almost
99% within the first epoch alone. Many of the filters and layers may be redundant, and so

iteratively and experimentally removing them will be done in future work.

In terms of the qualitative results, the model appears to be learning detections quite well. Even in
the case of the image with the Milky Way, the model is able to separate objects within the
illumination of the Milky Way. In some cases, the model appears to be even more sensitive than

the truth data, as it is able to pick up very small objects that were not even annotated. However,
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the model does classify the illumination around the edge of the imager’s FOV as a foreground
object. This raises an important issue on the subjectivity of the noise class, since the ring around
the imager’s FOV could be considered as background by some, or as noise by others. Whatever
the case, it is important not to severely penalize false detections, given the mentioned ability of

the model to capture fainter objects than in the truth data and the mentioned ambiguity.

4.7.2. Object Tracking

Given that the tracking labels for the preliminary dataset are yet to be developed, only qualitative
results are shown for the trackers designed in this research. The trackers were tested separately
from the detector to isolate the evaluation of each tracker independently of the detector.
Therefore, the trackers were directly given the detections from the truth data. Figure 4.16 shows
an example of the tracker’s visual output from a sequence of four images from Sequence 1 of the

preliminary dataset, for each tracker.

Both tracking algorithms work well on the truth data, and are able to uniquely track stars, RSOs,
and noise across the images, based on the visual outputs produced across the sequences.
However, the Hungarian algorithm-based tracker struggled with ID switches in certain cases
where a new track should have been initiated instead. In Figure 4.16, this can be observed in that
algorithm’s visual output for the third image (frame 14), where a new object, likely a noise
detection, appeared right below object two. Instead of initiating a new track, the algorithm
incorrectly identified the object as an extension of track four, which had a cascading ID
switching effect across the other objects in the scene. This was likely because the new object was

close enough to surrounding objects that it passed the distance minimum threshold. The
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corresponding output for the priority-based tracker did not suffer from this problem for this case
and was able to correctly identify the object as a new object, giving it the ID 44. Extensive
testing and qualitative results based on the metrics mentioned above will be conducted in the

future.

ID Switch

Frame Numb 3 Frame Num AL Frame Numbel
In—Frame In—Frame In—Frame 0Ob)]

Figure 4.16. Visual example of the performance of the Hungarian algorithm-based tracker (top)
and the performance of the priority-based tracker (bottom) across four images from Sequence 1
in the preliminary dataset. An ID switch error is illustrated for the third image (frame 14) of the

Hungarian algorithm-based tracker.
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4.8. Future Work

In terms of the data generation tools, several improvements and additions need to be made.
Firstly, the ability to track objects and create unique identities for them needs to be implemented.
To do this, the same automation scheme can be applied, where a tracking algorithm such as the
one developed in this research can be used, along with a method of manually editing the object
identities. For larger images, it may also be beneficial to add zoom and pan functionality, given
that some higher resolution wide FOV imagery may have very small RSOs that may be difficult
to label. Once the tools have been augmented with tracking label generation, the 500-image
dataset can be revised with tracking labels. It is also recommended to add more sequences that
are difficult to process, such as sequences with the Earth’s limb in the FOV and sequences with
severe particle strike effects. In terms of the developed algorithms, the CNN needs to be reduced
in size, needs to have a different loss function used that captures the class imbalance, and needs
to be thoroughly tested. The tracking algorithm also needs to be thoroughly tested, especially in
terms of MOTA with generated tracking labels. Finally, the algorithms, dataset, and data
generation tools need to be iteratively improved over time. As developed algorithms improve,
they need to be incorporated into the automation tools to reduce annotation time and improve
annotation quality, consequently improving the generated annotation data, in a positive feedback

loop.

4.9. Conclusion

In this research, an automated data annotation framework and corresponding data annotation
tools were developed for the purpose of generating a benchmark dataset of unresolved RSO SSA
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imagery. The developed tools were used to generate a preliminary annotated 500-image dataset.
The dataset was explored in terms of the distribution of the number of objects and pixels per
class. A tracking algorithm consisting of a semantic segmentation-based CNN paired with either
a Hungarian algorithm-based assignment tracker or priority-based assignment tracker was
developed. Preliminary qualitative algorithm outputs showed promising results, proving the

feasibility of such an automated labelling framework, benchmark dataset, and tracking algorithm.
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5. A Dual-Purpose Camera for Attitude
Determination and Resident Space Object
Detection on a Stratospheric Balloon

This chapter is based on a paper [106] describing a payload, namely Star Tracker Attitude and
RSO Detection for Unified Space Technologies (STARDUST). This payload was developed to
demonstrate the concept of a dual-purpose payload, which could simultaneously perform AD and
RSO detection. Such a payload concept would be an efficient way to perform space-based RSO
detection, since many spacecraft are already equipped with star trackers. The payload was
demonstrated onboard a stratospheric balloon, as part of CSA’s Strato-Science 2023 campaign. A
custom RSO detection algorithm, derived from research carried out from previous chapters, was
developed for this purpose. Several modifications were made to enable real-time performance, as
well as to adapt to the imaging conditions of a stratospheric balloon platform. Since the gondola
of the stratospheric balloon would be stabilized relative to the background stars, the ICP
algorithm used in the research in Chapter 3 was removed. Instead, a modified linear motion
model was implemented, allowing for slight movements from background stars to be accounted
for. Another modification was the implementation of an adaptive threshold, which would
increase or decrease the threshold in real-time depending on the number of sources detected in
the previous image. The AD and RSO detection algorithms were successfully demonstrated
during the flight in August 2023. Although the STARDUST camera experienced degradation, 11
unique RSOs were identified in real-time by the onboard algorithm, corresponding to 669
detections. Both the AD algorithm and the RSO algorithm ran with a per-iteration processing

time of 502 ms, including the 100 ms exposure time and health data saving. This research proved
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that a dual-purpose star tracker to perform AD and RSO detection is a feasible concept and is a

step towards a space-based demonstration.

In this chapter, sections that I did not write in [106] were rewritten, with custom figures used.
My part in this research mainly involved RSO detection, and so the emphasis in this chapter is
placed on the RSO detection algorithm and results, as well as payload development, parts
selection, and general mission results. AD research is described thoroughly in [106] and is

referenced as needed.

I developed the real-time RSO detection algorithm, the main flight software (including boot-up
operations, camera initialization, image capture functions, and health data saving), and the parts
selection trade study. Alongside Gabriel Chianelli, I was involved in the assembly of the payload,
the planning of the mission, thermal and vacuum testing, field campaigns, payload health
monitoring during the mission, and post-mission operations. I was a member of the crew that
carried out these tasks to successfully oversee the STARDUST payload’s launch, along with the
other payloads, on a stratospheric balloon from Timmins, Ontario, in August 2023. I prepared all
figures and tables in this chapter, wrote the sections pertaining to RSO detection section, and
rewrote the rest of the sections. Gabriel Chianelli and Marissa Myhre developed the AD
algorithm and helped integrate it into the main flight software. Regina S. K. Lee created the
metrics for the payload, developed documentation for the design of the mission, gave feedback
after testing and field campaigns, and provided supervision throughout the entire research

project.

I would like to give special thanks to Randa Qashoa, Vithurshan Suthakar, and Hyunbin Yim for

their advice, expertise, and help during the testing of the STARDUST payload.
130



5.1. Introduction

With rapidly increasing interest in space, the total number of RSOs around the Earth also
continues to increase [5]. This increase in RSOs corresponds to an increase in the probability of
collision, which places great importance on having a well-defined understanding of these objects.
This includes knowledge of RSO orbital parameters and characteristics, an understanding often
referred to as SSA. Typically, activities for SSA are often conducted using technologies on the
ground and in space, using dedicated instruments and payloads. Examples of these SSA
technologies can be found in the United States SSN, which is the most comprehensive, open
source SSA system [107]. The Ground-Based Electro-Optical Deep Space Surveillance
(GEODSS) System is an example of a combination of ground-based systems in the SSN.
GEODSS keeps track of deep space objects at an altitude of 10000 km to 45000 km using
multiple one-meter telescopes [108]. An example of a space-based SSA system is the Space
Based Space Surveillance (SBSS) System. This system currently consists of a satellite in Sun-

Synchronous Orbit (SSO), designed to detect small objects all the way out to GEO [109].

While the SSN is a well-developed, comprehensive system, the increasing number of RSOs,
especially in LEO can strain the system. Furthermore, the publicly available catalogue produced
by the SSN currently does not contain small objects, and some objects are even lost over time
[110,12]. Greater SSA capabilities are necessary to solve these issues and keep up with the

exponential growth of RSOs to ultimately allow for the safe, sustainable use of space.

131



3a) Attitude

2a) Star Detection Determination

1) Optical Image

3b) RSO Information
Downlink

%
\\k

N

Figure 5.1. Illustration of a dual-purpose payload, where the primary purpose of the payload is
to determine the host satellite’s attitude, while the secondary purpose is to detect RSOs to

improve SSA.

One promising idea is the implementation of a dual-purpose payload. The idea is to conduct
space-based optical imaging for SSA as a secondary or parallel operation to the primary use of
the onboard optical sensor. As an example, many spacecraft are equipped with star trackers,
optical sensors used to determine the spacecraft’s attitude by using the background stars [111].
Theoretically, the images that are captured and sent to the AD algorithm could also be sent to an
RSO detection algorithm. This RSO detection algorithm could process the images for RSOs
either simultaneously or in series with the AD algorithm. Such an algorithm could filter captured
images for those only containing RSOs in them or keep processed detection information alone
for efficient storage and downlink. This dual-purpose concept, illustrated in Figure 5.1, would be

an efficient way of conducting RSO detection for SSA since dedicated payloads do not need to
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be launched for this purpose. Moreover, equipping existing satellites with RSO detection
capabilities would massively expand current SSA systems. Additionally, RSO detection as a
secondary purpose can even provide the host spacecraft with awareness of nearby RSOs, which

can alert operators faster and even allow for autonomous maneuvering for collision avoidance

[112].

In this chapter, a dual-purpose AD and RSO detection payload for a technology demonstration
mission is described. The payload was flown as part of the second iteration of Resident Space
Object Near-space Astrometric Research (RSONAR 1), a stratospheric balloon mission to
demonstrate technologies to improve SSA [113]. The flight occurred in August 2023, during the

CSA’s Strato-Science 2023 campaign, part of the CSA’s STRATOS program [114,115].

5.1.1. Dual-Purpose Star Tracker for RSO Detection

Many of the existing optical systems used to detect RSOs are narrow FOV telescopes. One such
system is NASA’s Eugene Stansbery Meter-Class Autonomous Telescope (ES-MCAT) [116].
This system optically images all orbital altitudes, with a FOV of 0.68° by 0.68° [116]. On the
other hand, star trackers are wide FOV devices, with FOVs often in the 10s of degrees [31]. This
wider FOV ensures that multiple stars can be observed in a single image to perform AD. Using
these wide FOV star trackers for RSO detection is not a new concept. Feasibility studies have
been conducted to determine the suitability of star trackers for RSO detection and have shown
that these devices can detect multiple RSOs per orbit of the host spacecraft, depending on the
orientation of the star tracker [31,117]. Image processing and orbit determination of RSOs have

also been done with star tracker-like images, proving that preliminary orbit estimates of RSOs
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can be found using star trackers [49,118]. The aim of this research is to prove this dual-purpose
star tracker for RSO detection by developing such a payload and conducting a technology

demonstration mission.

Simultaneously performing AD and RSO detection using the same payload comes with many
challenges. On their own, star tracker algorithms and RSO detection algorithms can be quite
computationally expensive. Improvements have been made over time to AD algorithms but have
traditionally been too computationally expensive for smaller payloads, such as CubeSats
[119,120,121]. RSO detection algorithms have similar requirements and are usually used on
ground-based systems where computational power is plentiful and real-time performance is
unnecessary. [18,122]. The physical characteristics of the star tracker camera system and
algorithm design both need to be carefully considered when developing such a payload.
Moreover, the algorithms themselves have competing requirements. As an example, AD
algorithms generally use shorter exposure time images from the star tracker, while longer
exposure time images are sometimes preferred for RSO detection algorithms to make use of

streak-based detection methods.

5.1.2. Research Overview

In this research, a dual-purpose payload for AD and RSO detection is demonstrated onboard a
stratospheric balloon. The hardware description, software description, image collection
campaigns, and results from this mission are described. The parts selection process describes the
parameters considered for each of the parts used in the payload, including the sensor, lens, and

computer, with a focus on COTS components. The software description provides a thorough
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overview of the RSO detection algorithm as well as general mission-related software functions.
A thorough description of the AD algorithm is omitted and can be found in [106]. The image
collection campaigns are discussed as well, including the experiments conducted to determine
the most desirable settings to use for the camera and algorithms. Lastly, the results from the
stratospheric mission and conclusions are presented, with emphasis placed on lessons learned for
future missions. Again, AD results are omitted from this chapter and can instead be found in

[106].

5.2. STARDUST Payload Overview

5.2.1. Hardware Description

The hardware selected for the STARDUST payload considered metrics such that they would
resemble a star tracker, while being of small form factor and cost effective to fit the constraints
of the mission. A wide FOV lens was needed for this purpose, as well as a sensor capable of dim-

light imaging at short exposure times.

In terms of sensors, the Raspberry Pi High Quality camera, Alvium 1500 C-500m camera, and
IDS UI-3370CP-M-GL Rev. 2 camera were considered based on their price points, availability,
and compact form factor [123,124,125]. To further understand their suitability for dim-light
imaging, their quantum efficiencies, pixel sizes, resolutions, noise characteristics, and exposure
time limits were compared. Ultimately, the IDS camera was selected for its excellent low-light
performance, even at short exposure times in the 100s of milliseconds. The IDS UI-3370CP-M-

GL could capture images at a high resolution of 2048 by 2048 pixels, which could be

135



subsampled at factors of 2, 4, 6, and 8. The sensor used was the 1” CMV4000-3E5M sensor,

consisting of large 5.5 um pixels.

In terms of lenses, C and CS-mount lenses designed for the Raspberry Pi camera series were
considered to compensate for the cost of the IDS camera. The 6 mm wide angle lens, 16 mm
telephoto lens, and 25 mm lens were considered [126,127,128]. Ultimately, the 16 mm telephoto
lens was chosen, given its large aperture to allow for better light throughput and the large FOV of
the configuration, at 40 degrees by 40 degrees. While this FOV was much larger than traditional

star trackers, the group wanted to test the AD and RSO detection algorithms at such extremes.

In terms of the computer, the Raspberry Pi Zero 2 and Raspberry Pi 4 Model B were considered,
chosen for their well-developed OS and support [129,130]. While the Raspberry Pi Zero 2 was
the more desirable choice due to its small form factor and low power draw, the algorithms
demanded much higher computational resources than the Zero 2 could offer. For this reason, the
Model B was selected, in the 8 GB ram configuration. Along with the quad core Cortex-A72
processor running at 1.5 GHz, the board could run both algorithms. An overview of the selected

parts is shown in Figure 5.2.

Figure 5.2. Components selected for the STARDUST payload, consisting of the IDS UI-
3370CP-M-GL Rev. 2 camera, 16 mm telephoto lens, and Raspberry Pi 4 Model B 8 GB

[125,127,130].
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In terms of the complete system, power delivery was accomplished using a power line from the
full RSONAR II payload’s PDU. The PDU converted the variable 24-36 VDC provided by
CSA’s gondola batteries to the 5 V needed by the Raspberry Pi. Further details regarding the
power harness, DC-to-DC converters, wiring, and followed specifications can be found in [106].
Two thermocouples were also used to record environmental temperature values, paired to
MAX31855 amplifier breakout boards [131,132]. The Serial Peripheral Interface (SPI) was used

to communicate with the sensors to retrieve temperature values.

5.2.2. Software Description

The software of the STARDUST payload was designed to initiate autonomously on power on.
After ensuring that a power out did not occur, the camera and code were initialized, performing

functions such as setting the camera’s parameters and initiating counters.

The code then captured an image, extracted the centroids of the objects in those images, and
saved the health and temperature sensor data, for two iterations. On the third iteration, the Lost-
in-Space (LIS) AD function was executed first, followed by the capturing of the third image and
centroid extraction. With three images loaded into memory now, RSO detection was possible and
was performed with the RSO detection algorithm. Afterwards, the time elapsed since the LIS AD
function, as well as its return type (successful or unsuccessful) were used to determine which
attitude function to use. If the time elapsed since the LIS AD function was greater than five
minutes, or if the function did not execute successfully, the function was executed again.
Otherwise, the tracking AD function was executed. Regardless of the AD function used, the

health and temperature sensor data were stored again before the next iteration. The next
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subsections serve to further explain each of the functions. Figure 5.3 shows the software block

diagram for the STARDUST payload, visually outlining the functions.

Boot
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Figure 5.3. Software block diagram for STARDUST, visually outlining the functions and logic.
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5.2.2.1. Initialize Camera Function

This function was used to set the camera’s parameters, including the resolution (2048 by 2048
pixels), exposure time (100 ms), gamma (1.0), gain (100), and pixel clock frequency (100 MHz).
This function also recorded the boot up time and ensured that a power out did not occur. If a
power out did occur, this function forced a software reboot to ensure that the entire system resets

properly, avoiding issues such as driver errors.

5.2.2.2. Capture Image Function

This function captured an image with the camera, converted the data into an array, logged the
image name using the onboard date, time, and counter, saved the image with these details, and

incremented the counter.

5.2.2.3. Extract Centroids Function

This function was the first step in the RSO detection algorithm. It extracted the centroids of all
the objects (stars, RSOs, noise) in an image, and converted them to x and y coordinate pairs to be
analyzed by the next step of the RSO detection algorithm. Further details are provided in Section

5.3.

5.2.2.4. Detect RSOs Function

This function was the second step in the RSO detection algorithm. It took in three sets (from
three sequential images) of x and y coordinate pairs and identified unique x and y coordinate
pairs that satisfied the conditions to be considered an RSO. This function also served to save x

and y coordinate pairs to the SD card. Further details are also provided in Section 5.3.
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5.2.2.5. Lost-In-Space Attitude Determination Function

This function served to determine the attitude results in LIS mode. More details can be found in

[106].

5.2.2.6. Tracking Attitude Determination Function

This function served to determine the attitude from prior AD results. More details can be found

in [106].

5.2.2.7. Save Health and Sensor Data Function

This function was used to save the health data reported by the Raspberry Pi OBC (the frequency
of each CPU core and the CPU temperature) as well as the temperature reported by the

connected temperature sensor.

5.3. RSO Detection

RSO detection is a critical part of the SSA pipeline, and involves finding RSOs within a
sequence of images, distinguishing them from stars and noise. The RSO detection algorithm for
this mission was developed to detect RSOs in real-time in a rolling window of three starfield
images received from the camera. Several simplifications and assumptions were made when
designing the algorithm. Firstly, it was assumed that the background stars captured in the images
would not appear to move more than one pixel between each image (the movement of which
would primarily be from the gondola’s sway). Next, it was assumed that RSOs would appear to

be travelling mostly linearly across the FOV of the imager. Finally, it was assumed that RSOs
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would travel the same amount of distance across the FOV of the imager, between each image

that captured the RSO (equidistance).

The algorithm works in two main steps as described in Section 5.2. The first step consists of
extracting the centroids of the objects in each image, while the second step consists of detecting

RSOs across three sets of these centroids.

5.3.1. Extracting Centroids

In the first step, the algorithm begins by binarizing the image by applying a simple threshold to
the image. CCA using 8-pixel-neighbourhood connectivity is then performed to uniquely
segment each of the objects in an image [68]. This algorithm returns details for each segmented
object, most notably the x and y subpixel locations of each object’s centroid and the pixel size of
each object. This list of centroids is then filtered to remove objects deemed too small or large to
be considered stars or RSOs, such as illumination effects or hot pixels. The size of this point list
(which corresponds to the number of detected objects) is then analyzed to determine an
appropriate threshold to use for the next iteration. If there are too few objects, the threshold is
reduced, thereby allowing dimmer objects to be picked up by the algorithm. If there are too many
objects, the threshold is increased, having the opposite effect. This point list (and two more point
lists, corresponding to a sequence of three images) is passed on to the next step of the algorithm.

Figure 5.4 shows the block diagram outlining the steps of the extracting centroids step.

5.3.2. Detecting RSOs

In the next step, after ensuring that the three point lists from the previous step contain data, the

three point lists are looped through. For each set of unique (one point from each point set),
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unmatched set of three points, the Euclidean distance is calculated between the point belonging
to the first image and second image, di, and again calculated between the second image and third
image, d>. These distances are then checked to ensure they are far enough to be considered
RSOs, as defined in the assumptions mentioned previously. Equation 3.1 is then used to
determine how similar these distances are dsimilarity, followed by Equation 3.2 to determine the
angle between the vectors, 6 (where d; is the vector from point one to point two, and d> is the
vector from point two to point three). These two calculations are done to fulfill the linear and

equidistant RSO assumption.

Decrease Increase
Threshold Threshold

4 1
Yes Yes
Too Few oo Many
Points? Points?

Figure 5.4. Block diagram outlining the first step, extracting centroids, in the RSO detection

Connected
Raw Image —— Threshold —— Components —— Filter by Size
Analysis (CCA)

algorithm.

From experimentation with using this formula on existing optical RSO imagery, it was found that
the angle was related to the distance similarity by Equation 5.1. This equation also provides the
maximum angle, Omax, below which the angle i1s deemed small enough to consider the triplet of

three points as a roughly linearly moving RSO.

Omax = 39dsimilarity -8(5.1)
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The triplet of three points is then marked as matched, and the next set of points are analyzed until
all points have been considered. The function then saves these RSO points to the OBC’s SD card.

Figure 5.5 below shows the block diagram outlining the steps of the detecting RSOs step.

Not RSO, Match
Points
[ |
Yes Yes Yes
; Calculate e ‘\\ - .
Next3.Un|que | v Matched? No-|  Euclidean N Points > Nor (;alculate )(/9> BMax? > RSO,‘Match
Points Distance \TQO Close?~ dSim, 8, BMax N - Points
~ ~

Figure 5.5. Block diagram outlining the first step, detecting RSOs, in the RSO detection

algorithm.

5.4. Attitude Determination

AD is done to determine a spacecraft’s orientation with respect to some fixed coordinate system.
Usually, the attitude is determined with respect to the background stars, which do not tend to
move with respect to a distant observer. This is done by finding the stars and their positions in an
image and comparing them to an existing onboard star catalogue. This information is crucial and
necessary to perform operations such as orienting a spacecraft’s solar panels towards the sun or
pointing an onboard antenna towards a ground station on Earth [133]. The attitude determined by
star trackers is considered the highest accuracy relative to other AD sensors [134]. Star trackers
generally have two modes of function: LIS mode, which determine the attitude without prior
information, as described above, and tracking mode, which tracks the movement of the stars
across images, in time, to determine the attitude. Both functions were implemented for the dual-

purpose payload, and further details about the implementation can be found in [106].
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5.5. Field Campaigns

To optimize camera parameters, test some of the sensors mentioned previously, and fine tune the
AD and RSO detection algorithms, multiple field campaigns were conducted. Parameters such as
the exposure time, binning factor, and gain were adjusted in permutations, and their effects on

image quality were visually inspected.

The first field campaign occurred in King City, Ontario, after dusk. This location was chosen for
the relatively low light pollution in comparison to nearby urban areas. Both the Raspberry Pi HQ
camera and IDS camera, each paired to the 16 mm lens, were tested, varying the parameters
above. Figure 5.6 is an example image captured from the IDS camera, using an exposure time of
500 ms. While not ideal for AD, this exposure time was used to test the visibility of stars and
RSOs. In the yellow circles are examples of stars, and in the red box is an example of an RSO,
which appears to streak through the image due to the longer exposure time. While the IDS
camera was able to see many stars and RSOs in its FOV, the Raspberry Pi HQ camera could only
see a fraction of the stars, at an exposure time of 30 s. Such an exposure time would be far too
large to use during a stratospheric balloon mission, given that the gondola motion, even while
stabilized, would cause streaking of stars and RSOs within the images. For these reasons, the
Raspberry P1 HQ camera was abandoned, and the IDS camera was selected due to its proven

performance.
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Figure 5.6. An example image captured from the IDS camera during the King City field

campaign, using an exposure time of 500 ms.

The second field campaign occurred in Timmins, Ontario, the city where the Strato-Science 2023
campaign was also held. During this campaign, the IDS camera’s selected settings were once

again tested, with even more stars visible due to the decreased light pollution. During these
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campaigns, the adaptive thresholding step in the RSO detection algorithm was tuned to account

for situations where there may be too many or too few point sources in the FOV.

5.6. Results

The stratospheric balloon flight lasted 4 hours and 32 minutes, from initial gondola lift off to the
payload shutdown, issued by a command from the ground. During the flight, the gondola
experienced stability issues during the balloon’s ascent into the stratosphere. The images
captured during this time were difficult to process, given that the background stars and RSOs in
the image moved drastically from frame to frame because of this motion. Performing visual
verification of RSOs and processing AD results during this time was extremely difficult, and so
these images were not considered in these results. Furthermore, the flight duration was
significantly shorter than expected, further decreasing the potential analysis window for RSO
detection and AD. Given these two factors, the analysis was limited to a period of 92 minutes,
corresponding to 11087 images captured during this time. However, there was still some gondola
movement for this duration, which may have negatively impacted the results. Overall, the
mission was successful, and the payload survived the ascent, descent, and environmental

conditions of the stratosphere. Figure 5.7 shows the payload before and after the mission.

Including the 100 ms exposure time for each image, AD algorithm processing time, RSO
detection processing time, and payload health data saving, the average iteration processing time
was 502 ms. While this shows potential in real-time applications, this processing time could be
reduced significantly with further algorithm and general software optimizations. These

optimizations are discussed in Section 5.7.
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Figure 5.7. Payload integrated on the gondola, ready for flight (left) and payload retrieved from

gondola, after the flight (right).

5.6.1. RSO Detection Results

Given that the mission was a technology demonstration, the main objective for the RSO
detection segment of the payload was to detect any RSOs at all, during the flight. Success would
be achieved if an RSO detection reported by the algorithm’s output was verified visually against
the corresponding raw images. Given this objective, these results do not consider metrics such as
precision and recall, and instead seek to quantify and verify the number of RSOs reported by the
algorithm and the number of total detections corresponding to each RSO. To give an
understanding of the consistency of the detections, the longest consistent detection of each RSO

is also given. These results are provided in Table 5.1.
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Table 5.1. Number of RSOs detected by the algorithm that were verified, along with the total

number of detections and the longest consistent detection for each RSO.

RSO Number Total Detections (Frames) Longest Consistent
Detection (Frames)

1 53 18

2 34 34

3 40 40

4 36 36

5 14 14

6 66 55

7 31 16

8 106 106

9 13 6

10 159 159

11 117 117

Total Unique RSOs: 11 Total Detections: 669 Longest Consistent
Detection: 159

By plotting the pixel centroids of an RSO, corresponding to each of the three sequential images it

was observed in, a visual can be constructed to represent how the RSO detection algorithm

works, and what it outputs. Figure 5.8 is an example of this.
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Figure 5.8. RSO centroids corresponding to three sequential images, plotted as single, coloured
pixels on a black background. The Euclidean distances calculated by the algorithm are also

plotted.

Upon analyzing the raw images captured by the STARDUST imager, it was observed that the lit
pixels corresponding to stars and RSOs in the images were fewer and less intense (in terms of
pixel value) than what was observed during ground campaigns. The cause of this is currently

being investigated, with the current hypothesis being that the harsh vacuum of the stratospheric
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environment resulted in degradation of the imager. Due to this suspected degradation, most of the
RSOs in the images corresponded to a single pixel each, which would not be detected by the
algorithm. This was a result of the algorithm imposing a minimum pixel threshold of 10, used to
filter out noise, and was experimentally determined during ground campaigns. This meant that
objects in the images corresponding to fewer than 10 pixels would be ignored, which includes
these single-pixel RSOs. Nevertheless, the algorithm was able to detect RSOs in the images,

given that there were some larger and brighter RSOs during this imaging window.

The dynamic threshold function implemented in the algorithm proved to be very useful, given
that the algorithm automatically decreased the threshold to account for the fewer points it was
detecting during the mission. This allowed fainter RSOs to be detected, though they had to pass
the minimum pixel threshold as well. The algorithm could certainly benefit from better object
analysis in the images, employing a dynamic analysis of the points similar to the dynamic
threshold. For example, when fewer than desirable points are detected in an image, the algorithm

could reduce the minimum pixel threshold to allow more points to be considered.

The linear motion model appears to be a good estimate of RSO motion in these images, given
that the RSOs that passed the threshold and pixel area requirement were consistently detected in
the images, as the RSOs passed through the FOV of the imager. The built-in tolerance to the
linear motion model as defined in Equation 5.1 proved to be invaluable in detecting RSOs with
the gondola movement, since this movement also caused RSOs to move non-linearly in the
images. The equidistant requirement for RSO detection, as enforced by Equation 3.1, was also a

good estimate of the motion of the RSOs.
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Though intended to be a technology demonstration, the images captured by the STARDUST
payload have proved to be an invaluable dataset for SSA, given the presence of numerous RSOs.
Furthermore, a unique opportunity is offered by the challenges with the dataset, including the
drastic background star movement (caused by the gondola movement) and the faint, small RSOs.
Improvements and further research into algorithms for detecting RSOs in these images is

covered in the Conclusion and Future Work section.

5.6.2. Attitude Determination Results

Both the LIS and tracking mode AD algorithms yielded promising results, both in real-time and

in post-mission analysis. Results for these algorithms are discussed in-depth in [106].

5.7. Conclusions and Future Work

The real-time RSO detection algorithm was successfully able to detect RSOs during the mission.
Though the RSOs within the image appeared much smaller and fainter than what was observed
during ground campaigns, the algorithm was able to detect 11 unique RSOs corresponding to 669
total detections in the 92-minute analysis window. The dynamic image thresholding technique
and linear motion model proved to be excellent algorithms in consistently capturing the RSOs
that passed the minimum pixel threshold. However, it was determined that the minimum pixel
threshold itself needs improvement, given that many RSOs observed in the raw images were

much smaller than the 10-pixel threshold.

Several improvements could be made to the RSO detection algorithm and are planned to be
incorporated in future research. As mentioned, the swaying of the gondola, which caused the

background stars to appear to move throughout the images, suggests that a method to correct the
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apparent motion of the stars could be added to create a more robust RSO detection algorithm.
Such a method is currently being developed and is being tested with optical imagery from the
FAI onboard the CASSIOPE satellite. Another improvement to be made is the addition of a
tracking method to give each detected RSO a unique identity, carried through its detection in
subsequent images. This can give be used to identify RSOs of particular interest, in real-time.
Such a tracking implementation is also being investigated for future work. Lastly, the RSO
detection algorithm can be improved by incorporating a more advanced motion model than what
was experimentally determined, as described by Equation 5.1. While the linear motion model
appears to work effectively for many of the RSOs found in the images captured from the
stratosphere, RSOs in general do not always appear to be moving linearly through an imager’s

FOV, as can be observed in the FAI instrument’s images.

While the RSO detection and AD algorithms were isolated to reduce risk, future iterations of the
mission will seek to combine the algorithms to improve their respective performance. For
example, the RSO detection algorithm could be used to remove RSOs in the images that are
passed to the AD algorithm. This would be helpful in reducing false detections in the AD

algorithm from the RSOs present in the images.
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6. Conclusions

6.1. Summary

In recent years, the number of RSOs orbiting the Earth has increased, calling for an improvement
in SSA, given the large orbital velocities of these objects and potential for collisions. The long-
term goal of this research involves the creation of a unifying, open source, community-driven
RSO identification framework, which can allow any party anywhere in the world to contribute to
the improvement of SSA. However, even at the first step of this framework, RSO detection and
tracking, various challenges exist. Real, open-source optical imagery needed for RSO tracking
algorithm development is limited. Moreover, the optical imagery that is available is difficult to
label, given the presence of artifacts, the large number of objects, and the small size of each
object, rendering general labelling tools ineffective for efficient labelling. Lastly, to further
support the RSO identification framework, algorithms developed using such imagery should
ultimately be able to run onboard a satellite, in real-time, allowing for efficient RSO data
downlink. These algorithms could be used for payloads dedicated to SSA or added as an
additional function to existing payloads. This thesis aims to tackle these challenges associated

with the first step of this framework.

In Chapter 2, a stratospheric balloon payload was developed to address the need for more optical
imagery for RSO tracking algorithm development. The algorithm was developed to
autonomously determine the current flight conditions of the payload and change camera
parameters to capture high-quality images during ideal conditions, and low-quality images

during poor conditions. This was done by extracting the altitude and time values from an
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onboard GPS in real-time and using a sliding window to determine the host gondola’s flight
conditions. A variety of modes were programmed for each condition. Low-quality imaging
modes included ascent and descent, corresponding to when the gondola is ascending and
descending respectively, causing unfavorable conditions for imaging. High-quality imaging
modes included coast and dawn-and-dusk, corresponding to when the gondola had stabilized at a
high altitude and the time preceding sunrise and proceeding sunset, respectively, which provided
the best imaging opportunities. A safe mode was also programmed in the event of software or
hardware errors, such as a malfunctioning GPS or unintended power out condition. The imaging
algorithm and payload were successfully demonstrated onboard a stratospheric balloon flight
which launched from Timmins, Ontario in August 2022. While the onboard GPS experienced
failure, the imaging algorithm successfully operated in safe mode, capturing over 93000 images
of the night sky from the stratosphere, with 100s of visually confirmed RSOs within them. These
images are also being used in further research outside the scope of this thesis. I developed the
flight software that was used to autonomously control the main camera, consisting of the boot-up
operations, GPS sensor data processing, mode selection, camera parameter setting, image

acquisition, payload status data saving, and post-mission results analysis.

In Chapter 3, a novel rules-based RSO tracking algorithm was developed to address the need for
an RSO tracking algorithm itself, able to process space-based, low-resolution imagery, even if
the host satellite experienced reduced attitude control. The algorithm used a series of smaller
algorithms to process images in a three-image sliding window for RSO detection and tracking.
The RSO tracking algorithm first used a custom thresholding algorithm, which consisted of a

dynamic threshold determined using the local background of an image applied to small sections
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of the image at a time. The point sources revealed by this technique were then passed to a
simultaneous pose and correspondence estimation algorithm to account for the effect of the host
spacecraft’s non-constant attitude. This algorithm was used to determine the rotation and
translation of the majority of the points between the three images, the idea being that the stars
will account for that majority. These stars were then removed from all the images, and the
remaining points were rotated and translated to counter the rotation and translation of the stars,
effectively aligning the images together. These remaining points consisting of RSOs, noise, and
erroneously unremoved stars were then passed to a final algorithm. This algorithm applied a
linear motion model to detect points travelling in straight lines across images that were also
equidistant from image to image, intended to capture the RSOs and separate them from the other
objects. The algorithm was successfully demonstrated on a hand-labelled, 878-image dataset,
achieving 79% precision and 71% recall, and was able to detect 87% of objects passing the FOV
of the imager at least once. I developed the entire RSO tracking algorithm outlined here, as well

as the 878-image dataset.

In Chapter 4, multiple fundamental components of RSO tracking algorithm development were
described and developed. A framework for autonomously and efficiently labelling SSA imagery
was proposed, alongside a corresponding four-tool annotation suite to address the problem of the
lack of efficient labelling tools. The tools were used to construct a preliminary dataset to
demonstrate the efficacy of the tools and promote the creation of a benchmark dataset for clear
and equal comparison of future developed algorithms. Lastly, a paradigm for RSO tracking
algorithm development was proposed, alongside a preliminary corresponding RSO tracking

algorithm to demonstrate the efficacy of the preliminary dataset and demonstrate the potential for
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future algorithm development. The four-tool annotation suite was developed in Python, and
incorporated components of the RSO tracking algorithm developed in Chapter 3 to automate the
annotations. The first tool used the custom thresholding algorithm from Chapter 3 to
automatically produce preliminary masks, followed by a second tool to manually edit these
masks in a simple, intuitive GUI. The third tool modified the star removal algorithm and linear
motion model to instead automatically classify points as stars, RSOs, and noise. The fourth tool
again allowed users to simply and intuitively edit the classes of the objects. The preliminary
dataset was generated using these tools, where sequences were hand-selected from images
captured by the host imager during 2023. Sequences were selected to capture a variety of
imaging conditions, such as the appearance of Earth’s limb, the appearance of the Milky Way,
high-noise instances, and multiple-RSO instances. The tracking algorithm was developed by
using the proposed tracking-by-detection paradigm, implementing the U-Net CNN as the
detector and combining it with two different trackers. The first tracker was based on the
Hungarian algorithm to assign detections from frame to frame. The second tracker was based on
a custom priority scheme, assigning new detections to well-established tracks first. The tools
were successfully demonstrated by creating the mentioned 500-image dataset, resulting in richer
annotations available in more formats than the dataset developed in Chapter 3. The dataset and
RSO tracking algorithm were also successful, given that the dataset was used to train and test the
RSO tracking algorithm, with qualitative results showing promise for future development. I

developed the four-tool annotation suite, the 500-image dataset, and the RSO tracking algorithm.

In Chapter 5, a real-time RSO detection algorithm was demonstrated onboard a stratospheric

balloon platform to further support the overarching RSO identification framework. The
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algorithm was developed to run alongside an existing AD algorithm for a dual-purpose payload
concept. The algorithm was developed by using the lessons learned from stratospheric RSO
imaging in Chapter 2, as well as the lessons learned from RSO tracking algorithm development
in Chapter 3. Given the lack of artifacts observed in the imagery in Chapter 2, the custom
thresholding algorithm from Chapter 3 was simplified to perform simple thresholding.
Additionally, the stabilized attitude of the gondola during the flight prompted the modification of
the star removal algorithm in Chapter 3, such that the new algorithm did not need to register a
rotation and translation between the images, and instead removed static objects, which were the
stars. The same linear motion model from Chapter 3 was implemented to detect RSOs. Finally,
further modifications were added for real-time operation, such as a custom dynamic threshold.
This threshold was programmed such that it changed depending on the number of images
present, increasing the threshold in the case of many objects observed, and vice versa. While the
payload’s imager experienced hardware degradation during the flight, the RSO detection
algorithm successfully detected 11 unique RSOs, corresponding to 669 frames of RSO detection.
The complete algorithm, including image capture time, AD, RSO detection, and health data
saving operated with a per-frame processing time of 502 ms, successfully demonstrating real-
time operation. I developed the real-time RSO detection algorithm, the main flight software
(including boot-up operations, camera initialization, image capture functions, and health data

saving), and the parts selection trade study.

The successful demonstration of all these components involved in RSO tracking pave the way
for using optical imagery for the development of a unifying, open source, community driven

RSO identification framework for the continued sustainable use of space.
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6.2. Future Work

Several promising options exist to continue the work developed in each of these chapters, and

overall.

With respect to Chapter 2, several options exist to further build on the optical image acquisition
payload concept. The next step with this payload is to develop a CubeSat mission around it, to
capture space-based images of RSOs. The autonomous algorithm developed in Chapter 2 would
need to be modified to efficiently capture images from space, in the following ways. Firstly, the
algorithm can compress the images by using a compressed image format or storing segments of
images instead of full frames. Alternatively, the RSO detection data could be stored alone, using
an algorithm such as the one developed in Chapter 5 to do so. Images without RSO detections
could be discarded entirely. Furthermore, the FPGA platform in Chapter 2 could be leveraged
further, dedicating parts of the fabric to efficiently perform operations such as the mentioned

compression scheme or RSO detection.

With respect to Chapter 3 and 4, the RSO tracking algorithms developed here could be further
improved. Once well-developed tracking-by-detection algorithms have been developed, the
detection process and tracking process could be more tightly combined into a tracking-and-
detection paradigm. While algorithms using this paradigm may lose the modularity and other
advantages posed by the tracking-by-detection paradigm, using existing tracks to search for
future detections could speed up the detection process for real-time implementation and be more
robust to missed detections. Furthermore, detection techniques could benefit from special

consideration applied towards detecting faint objects and RSOs in particular. For example, if
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using a CNN detector, the loss function can be modified such that the RSO class is weighted
more significantly, or the background class is weighted less significantly. Additionally, the
datasets developed in these chapters can be further reviewed and enhanced by others, paying

special attention to labelling low-illumination objects.

With respect to Chapter 4 specifically, the automation tools can be further iteratively improved
by incorporating a CNN detector for the automated mask generation. This CNN detector can be
improved by learning from the edited data, which can then be used to generate better data in a
positive feedback loop. The classification tools and algorithms can use a similar iterative
improvement scheme, while tracking functions can be added to the existing tool suite to generate
tracking annotations as well. The preliminary dataset needs to be augmented with these tracking
labels, and further sequences need to be labelled to develop a complete benchmark dataset.
Dataset hosting, algorithm comparison, and dataset version control need to be considered to

extend this research.

With respect to Chapter 5, the RSO detection algorithm can next be improved for
implementation on a dedicated SSA mission. The RSO detection algorithm should be augmented
to an RSO tracking algorithm, making use of previous detections to individually track RSOs for
further space-based or ground analysis for RSOs of interest. Furthermore, the RSO tracking
algorithm can be used to move the host imager itself such that the RSO of interest is consistently

held in the center of the imager’s FOV for dedicated imaging of a particular RSO.

Overall, this research can be extended by developing the rest of the RSO identification
framework. Significant research needs to be conducted to assess the feasibility of using angles-

only IOD on the RSOs extracted from the images in this research. Furthermore, the feasibility of
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RSO identification needs to be conducted as well, using algorithms to match preliminary orbits

determined in the previous step, along with other metrics.
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