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Abstract

The number of objects being launched into space is rapidly increasing, emphasizing the critical importance of
detecting, characterizing, and tracking these objects—an area of focus known as Space Situational Awareness
(SSA). These Resident Space Objects (RSOs) include satellites (both active and inactive), rocket bodies
and debris. Knowing the type of object near our satellites of interest is very important as it gives satellite
operators the knowledge needed to accurately plan maneuvers to keep our orbits safe. This dissertation
explores three main contributions within the field of SSA. The first is a light curve classifier which uses
Machine Learning (ML) to classify Low Earth Orbit (LEO) RSOs into stable satellites, tumbling satellites and
rocket bodies. Multiple approaches were tested but the method with the highest accuracy is a Barlow Twins
network which has a 75% accuracy for two minute light curves and a 97% accuracy for five minute light curves.
The classification is used to characterize the motion of objects, which operators can use in combination with
real images to determine the risk of collision and to perform effective maneuvers. The second contribution is
regarding SSA mission planning. A sensitivity analysis was conducted to determine the best camera to use
for observing co-orbiting RSOs within 250 km of the observer. The analysis includes exploring the location
of potential targets in the Field-Of-View (FOV) of the observer as well as the Signal-to-Noise Ratio (SNR)
of different targets. A similar analysis to the one presented in this dissertation has been performed for the
Redwing microsatellite mission. Lastly, RSO image prediction simulations are tested for use in SSA. This
dissertation demonstrated the implementation of an anti-sun pointing orientation for prediction simulations
with validation from real images. Predicted images were used to determine targets for observation which

were then validated following the downlink of the images.

ii



Dedication

“That which we need the most will be found where we least want to look.” —Carl Jung.
To my friends in the Nanosatellite Research Lab, thank you for you constant feedback and support. I would

not have been able to do this without you.

"It’s kind of fun to do the impossible.” —Walt Disney
To my sister, Nada, thank you for listening to my thesis rants. You are truly a poor unfortunate soul for

bearing through that.

"What progress, you ask, have I made? I have bequn to be a friend to myself." —Seneca, philosopher

To everyone who thinks they are not good enough, if I could do it then so can you.

iii



Acknowledgements

There are many people in my life that I am grateful for. Working on this Ph.D. was not an easy journey,
but it was much more tolerable due to the assistance and support I received from my family, friends, and
colleagues.

I would first like to thank my supervisor, Dr. Regina S.K. Lee. You are truly like a mother to me. I was
able to learn and grow so much as a result of the opportunities you have granted me, and I will forever be
thankful for that. Going to a diner or a breakfast restaurant reminds me of the many experiences we shared
at places like that. You can never go wrong with a triple chocolate pancake.

I would also like to thank Dr. Ryan Clark, my mentor and inspiration for pursuing a Doctoral degree. 1
have learned so much from you, Ryan, regarding technical and interpersonal matters. Thank you for all the
support you've given me during the pursuit of my graduate degree. You are the best mentor I could ever ask
for.

I would also like to thank my closest friends at the Nanosatellite Research Lab. We have been through so
much and it only made me stronger. I am immensely thankful for everyone so I will list this in no particular
order. I would like to thank Gabriel Chianelli and Perushan Kunalakantha (RPG). I have learned so much
about technical matters and the world because of you. All the discussions we’ve had about reference frames
(with Gabe) and Barlow Twins (with Perushan) were immensely helpful for putting together this dissertation.
Also, all the hours we spent planning the RSONAR II mission will never be forgotten.

I would like to thank my fellow female labmate, Andrea Vallecillo Baires (PRAGmatic). I always enjoy
our talks. You are my first non-family travel buddy, and I had a blast on all our work trips. Next, I would
like to thank all the RSONAR II Flight Captains (RPG + Vithurshan Suthakar). It was not an easy mission
and there were significant roadblocks along the way, but the instant STARDUST worked is one of the best
moment in my life. While things have changed since that time, Timmins Randy will forever live in my heart.

I would also like to thank Michael Fairbrother (GRaMP). Seeing all the cool coding projects you've done and

iv



your thesis work on deep reinforcement learning is really inspiring.

I have had so many "firsts" in the lab and it’s all thanks to Dr. Regina Lee and my friends. You are all
the best! If anyone is wondering where all these random acronyms came from, you can thank Perushan for
those. He’s our lab’s acronym master.

Last but certainly not least, I would like to thank my sister, Nada for all her help. Thank you for listening
to all my video game and thesis rants even if you didn’t follow up with most of it. Talking about it helped.
Thank you for letting me drag you around to different locations across the world when all you wanted to
do was chill in a hotel room all day. I had a lot of fun exploring new cities and trying out new experiences.

While you are my only sister, you are also my favorite sister. Thanks for everything sis!



Table of Contents

Abstract ii
Dedication iii
Acknowledgements iv
Table of Contents vi
List of Tables xi
List of Figures xiii
Preface XV
List of Acronyms xviii
List of Symbols xxii
1 Introduction 1

1.1 Motivation . . . . . . o e e e e e e e e e e e e e e 4

1.2 Research Outline . . . . . . . . . . . . e 5

1.3 Research Objectives . . . . . . . . . . 6

1.4 Dissertation Outline . . . . . . . . . . . 6
PART I: Light Curve Classification 7

2 Classification of Low Earth Orbit Resident Space Object Light Curves Using a Support

Vector Machine and Long Short-Term Memory 8

vi



ADbstract . . . . L s

2.1

2.2

2.3

2.4

Introduction . . . . . . . . oL
2.1.1 RSO Light Curves . . . . . . . . . . e
2.1.2 Study Dataset . . . . . . . . .
2.1.3 Literature Review on RSO Light Curve Classification . . . ... ... ... ... ...
2.1.3.1 LEO Light Curve Analysis . . . . . . .. .. ... ... ...,
2.1.3.2 Real Light Curve Analysis . . . . . . . ... ... ... .. ...
2.1.3.3 Wavelet Light Curve Analysis . . . . ... ... .. ... ... . ....
2.1.4 Artificial Intelligence (AI) Implementation of Time Series Classification . . . . .. ..
2.1.4.1  SVM . . e
2.1.4.2 LSTM . . . . . e
2.1.5  Bayesian Optimization . . . . . . . . . . . . . . ..
Generating Training Features from Light Curves . . . . . . . . . .. .. ... ... ......
2.2.1 Data Formatting and Extraction . . . . . .. .. ... ... ... .. ...
2.2.2 Feature Extraction . . . . . . . . .. L L
2.2.3 Input Data Visualization . . . . . . .. .. ... .
Light Curve Classification . . . . . . . . . . . . e
2.3.1 SVM Results . . . . . . o
2.3.1.1 Window Based Approach . . . . . .. ... ...
2.3.1.2 Mean Features . . . . . . . . ...
2.3.2 LSTM Implementation . . . . . . . . .. ..
2.3.2.1 Applying Bayesian Optimization . . . . . . . . .. .. ... ... ... ...
2322 LSTM Results . . . . . . . . e
Conclusions . . . . . . . .

LEO RSO Light Curve Classification using Barlow Twins

Abstract . . . . . .
3.1 Introduction . . . . . . . ..
3.2 Background - Approaches to light curve classification . . . . . . .. ... ... L.
3.2.1 ML Methods . . . . . . . .. e
3.2.2  Analytical Methods . . . . . . . ..

vii

10
13
13
14
15
16
16
17
17
18
18
19
19
20
21
22
23
24
25
25
25



3.3 Dataset . . . . .. s

3.4 Methodology . . . . . . . . e
3.4.1 Dataset preprocessing . . . . . . . ..o o e e
3.4.2 Dataset Augmentation . . . . . . ... oL
3.4.3 Barlow Twins network . . . . . . . . . . L

3.4.3.1 Encoder. . . . . . ...
3.4.3.2 Projector . . . . ..o
3.4.3.3 Loss function . . . . . . ...
3.4.3.4 Linear evaluation model . . . . . . . . ... Lo oL

3.5 Results. . . o o e

3.6 Discussion . . . . . . . e

3.7 Conclusion . . . . . . L e

Understanding Light Curve Classification Using eXplainable Artificial Intelli
4.1 Introduction . . . . . . . . . L
4.2 Methodology . . . . . . .
4.3 Results. . . . . o
4.3.1 Grad-CAM . . . . . . e
4.3.1.1 Correctly Classified Light Curves . . . . . . .. .. ... . ... ... ...
4.3.1.2 Misclassified Light Curves . . . . . . . . .. ... .
4.3.2 K-means . . . . . ..o e e e
4.4 Future Improvements to Barlow Twins . . . . . . . . . . .. ... oo
4.5 Conclusion . . . . . . .. e

PART II: SSA Camera Sensitivity & Simulation Study
5 Wide FOV Imagers for Co-Orbiting Object Detection
Abstract . . . . . L
5.1 Introduction . . . . . . . . . L
5.2 Methodology . . . . . . . . e e
5.2.1 Study Parameters . . . . . . . ..
5.2.2 Determining Camera Detectability . . . . . . . ... . ... ... . ...

viii

48
48
49
51
51
51
95
57
99
60

62



5.3 Results. . . . . e 74

5.4 Conclusions . . . . . . . L e e 7
RSO Simulations with Anti-Sun Pointing Predictions 82
Abstract . . . . . . 82
6.1 Introduction . . . . . . . . . e 83
6.2 Background . . . . .. L e 85
6.2.1 CASSIOPE . . . . . e 85
6.2.2 RSO Simulator . . . . . . .. e 86
6.3 Simulation Datasets . . . . . . . . . e 87
6.4 Methodology . . . . . . . . e 90
6.4.1 Anti-Sun Pointing . . . . . ... 90
6.4.2 Comparison Approach . . . . . . . . ... 91
6.5 Results and Discussion . . . . . . . . .. e 92
6.6 Conclusion . . . . . . . .. e 94

Demonstration of RSO simulation, prediction and detection using a low spatial resolution

imager in anti-sun pointing 96
Abstract . . . . . o e 96
7.1 Introduction . . . . . . . . . L 97
7.1.1 SSA using low spatial resolution imagers . . . . . . . .. ... 97
7.1.2 Starfield simulation for SSA . . . . . ... 98
7.1.3 RSO Simulators in the market . . . . .. ... ... o oo 99
7.1.4 Research Objectives . . . . . . . . . .. e 100

7.2 Background . . . . ... 100
7.2.1 Simulation Architecture . . . . . . ... 100
7.2.2 Studied Sequences . . . . . ... 101

7.3 Methodology . . . . . . e 102
7.3.1 Data Sources Used . . . . . . . .. .. 102
7.3.1.1 RSO Simulator . . . . . . . . .. 102

7.3.1.2 STKEOIR . . . .. .. e 102

7.3.1.3 RealImages . . . . . . . . . e 104

ix



7.3.2 Comparison Approach . . . . . . . . . L 104

74 Results. . . . . o L 106
7.5 Conclusion . . . . . . . . . e e e e e 109
8 Conclusions 111
8.1 Summary . . . . ... e e e 111
8.2 Future Work . . . . . . L e 111
Appendices 115
A Distance, Visual Magnitude and SNR Tables 116
Bibliography 138



List of Tables

2.1
2.2

3.1
3.2

5.1
5.2
5.3
5.4

6.1
6.2
6.3
6.4

7.1
7.2
7.3
7.4

A1l
A2

Comparison of LEO and GEO light curves . . . . . . . . .. .. ... .. ... ... .... 14
Performance metrics of different light curve classifiers. . . . . . .. ... ... ... ... .. 23
Distribution of RSO Classes in the Light Curve Dataset. . . . . . . . .. ... ... ... ... 35

Classification accuracy using LSTM and Barlow Twins for two, three, and five minute long

light curves. . . . . . . . L L e 42
Camera parameter comparison between the FAI, PCO, and IDS cameras. . . . ... ... .. 68
Host and target orbital parameters. . . . . . . . . . .. .. L 69
List of detectability analysis parameters. . . . . . . . . ... ... oL 70
Noise parameter comparison between the FAI, PCO, and IDS cameras. . . . . . . .. .. ... 73
List of Studied RSOs . . . . . . . . . e 87
Ephemeris File Dataset Entry and Exit Times . . . . . . . . .. .. ... . ... .. 93
Anti-Sun Pointing Dataset Entry and Exit Times . . . . . . .. .. ... ... ... ... 93

Difference Between Anti-Sun Pointing and Ephemeris File Dataset Entry and Exit Times in

Seconds . . ... 93
List of sequences . . . . . . . . L e 101
Pixel locations (x pixel, y pixel) of target stars and RSOs . . . . .. ... ... ... .... 106
Angular difference (degrees) for each target . . . . . . ... Lo Lo oL 108
Cross-Track error (km) for each target . . . . . . ... .. . Lo oo 109
Host to target distance. . . . . . . . . . . 116
Target visual magnitude. . . . . . . . .. L 117

xi



A3 Target SNR for FAL . . . . . . . o 119
A4 Target SNR for PCO. . . . . . . o e 120
A5 Target SNR for IDS. . . . . . . . e 121

xii



List of Figures

1.1

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8

3.1
3.2
3.3
3.4
3.5
3.6

4.1
4.2
4.3
44
4.5
4.6

Number of RSOs around Earth from 1960 to 2023. Source: [17] . . . . . . ... ... .. ... 1
RSO classes. . . . . . . . . o e 10
RADARSAT-2 light curve on 30 November 2016. . . . . . . . . .. . ... ... ... ..... 11
Jason-2 (OSTM) light curve on 11 September 2020.. . . . . . . . . . ... ... ... ... 12
CZ-4C light curve on 14 July 2020. . . . . . . . . . . . . e 12
3D embedding of light curves using Euclidean distance. . . . . . . ... ... ... ...... 21
3D embedding of light curves using Chebychev distance. . . . . . . .. .. ... .. ... ... 22
3D embedding of WST coefficients using Euclidean distance. . . . . . .. ... .. ... ... 23
3D embedding of WST coefficients using Chebychev distance. . . . . . . . ... .. ... ... 24
Histogram of Light Curve Durations. . . . . . . . . . . ... ... ... ... .. ...... 31
Overall network summary diagram. . . . . . . . . ... L Lo 37
Overview of preprocessing and data augmentation. . . . . . . . . .. .. .. ... ... .... 38
Classification accuracy over epochs. . . . . . . . . . . . L 43
Classification loss over epochs. . . . . . . . . . . . e 44
Precision, recall, and Fl-score. . . . . . . . . . . . .. 45
Grad-CAM Saliency Map for three sample stable satellites. . . . . .. ... ... ... .... 52
Grad-CAM Saliency Map for three sample tumbling satellites. . . . . . . . ... ... ... .. 53
Grad-CAM Saliency Map for three sample rocket bodies. . . . . . .. ... ... ... .... 54
Grad-CAM Saliency Map for two misclassified stable satellites. . . . . . . .. ... ... ... 56
Grad-CAM Saliency Map for two misclassified tumbling satellites. . . . . ... ... ... .. 57
Grad-CAM Saliency Map for two misclassified rocket bodies. . . . .. . ... ... ... ... 58

xiii



4.7

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9

6.1
6.1
6.2
6.3
6.4

7.1

7.2

7.3
7.4

Light curve prototypes as determined by K-means clustering. . . . . .. ... ... ... ... 59

Phase Angle Diagram. Source: [110] . . . . . . . . ... . L 72
Plot of host to target distance for 100 randomly generated co-orbiting objects for one day. . . 74
Directions of close approaching targets within the host’s orbit. . . . ... ... ... ... .. 75
Impact of integration time on the number of detected close approaches for FAI, PCO, and IDS. 76

Histogram of host to target distances . . . . . . . . . . ... . L L L 7
Histogram of target visual magnitudes . . . . . . . .. ... .. Lo o 78
Histogram of PCO SNR values . . . . . . . . . . . .. 79
Histogram of FAT SNR values . . . . . . . . . . . 80
Histogram of IDS SNR values . . . . . . . . . . .. . 81
Real FAI images captured at 5:37:42 and 23:50:29, respectively, UTC on April 22, 2023 . . . 88
Real FAI images captured at 5:37:42 and 23:50:29, respectively, UTC on April 22, 2023 . .. &89
Lit Pixels of Targets from Real FAT Images . . . . . . .. . . ... . ... ... ..... 90
Flowchart for determining anti-sun pointing attitude . . . . . . .. ... ... ... ... ... 92
Simulated Images Generated Using two Methods on April 15, 2023, 00:30:31 UTC . . . . .. 95
Sample image from RSO Simulator with target RSO shown in black circle. Image has been

inverted for clarity. . . . . . . . L 103
Example Image from STK-EOIR with target RSO shown within white circle . . .. ... .. 103
Example of sequence of FAT images . . . . . . . . . . . .. .. 104
FAT images from real and simulated sources for sequence two . . . . . ... ... ... .... 107

Xiv



Preface

e The work in chapter 2 is based on the following publication: R. Qashoa and R. S. K. Lee, “Classification
of Low Earth Orbit (LEO) Resident Space Objects’ (RSO) Light Curves Using a Support Vector
Machine (SVM) and Long Short-Term Memory (LSTM),” Sensors 2023, Vol. 23, Page 6539, vol. 23,
no. 14, p. 6539, Jul. 2023, 1sSN: 1424-8220. DOI: 10.3390/S23146539. [Online|. Available: https:

//www.mdpi.com/1424-8220/23/14/6539.

e Chapter 3 is currently under review as R. Qashoa and R. S. K. Lee, “Low Earth Orbit (LEO) Resident
Space Object (RSO) Light Curve Classification using Barlow Twins,” IEEE Transactions on Aerospace

and FElectronic Systems, Under Review 2024.

e Chapter 5 is based on the following publication: R. Qashoa et al., “Wide Field of View (FOV) Imagers
for Co-Orbiting Object Detection,” in The Advanced Maui Optical and Space Surveillance Technologies
(AMOS) Conference, 2024. [Online]. Available: https://amostech.com/TechnicalPapers/2024/

Space-Based-Assets/Qashoa.pdf.

e Chapter 6 is based on the following publication: R. Qashoa et al., “RSO Simulations with Anti-Sun
Pointing Predictions,” in The Advanced Maui Optical and Space Surveillance Technologies (AMOS)
Conference, 2023. [Online]. Available: https://amostech.com/TechnicalPapers/2023/Poster/

Qashoa.pdf.

e Chapter 7 is currently under review as R. Qashoa et al., “Demonstration of RSO Simulation, Prediction
and Detection Using a Low-Resolution Imager in Anti-Sun Pointing,” Advances in Space Research,

Under Review 2024.

As noted above, the dissertation contains content that has been published in several conferences and

peer-reviewed articles. In addition to the aforementioned references, the following lists provides presentations

XV



and publications relevant to the research presented here, but not directly provided as chapters.

e A. Porras-Hermoso et al., “Accuracy analysis of Space Based Space Debris Tracking for objects in a

Low Earth Orbit,” Advances in Space Research, Under Review 2024.

e R. Qashoa et al., “Lessons Learned From Space Situational Awareness Payloads On Stratospheric

Balloon,” in Canadian Aeronautics and Space Institute (CASI) ASTRO, 2024.

e R. Qashoa et al., “Lessons Learned From Technology Demonstration Of Space Situational Awareness

Satellite,” in Small Satellite Conference, 2024.

e R. Qashoa and R. S. K. Lee, “Comparison of Low Earth Orbit (LEO) Resident Space Object (RSO)
Artificial Intelligence (AI) Light Curve Classification Techniques,” in Committee on Space Research
(COSPAR) 45th Scientific Assembly, 2024.

e P. Kunalakantha et al., “Resident Space Object (RSO) Tracking in Space-Based, Low Resolution,

Non-Constant-Attitude Imagery,” Remote Sensing, Under Review 2024.

e R. Qashoa et al., “Technology Demonstration of SSA Mission on Stratospheric Balloon Platform,”
Remote Sensing, vol. 16, no. 5, p. 749, Feb. 2024. DO1: 10.3390/rs16050749. [Online|. Available:

https://www.mdpi.com/2072-4292/16/5/749.

e R. Qashoa et al., “SPACEDUST-Optical: Wide-FOV Space Situational Awareness from Orbit,” in
The Advanced Maui Optical and Space Surveillance Technologies (AMOS) Conference, 2023. [Online].

Available: https://amostech.com/TechnicalPapers/2023/Poster/Qashoa2.pdf.

e V. Suthakar et al., “Comparative Analysis of Resident Space Object (RSO) Detection Methods,” Sensors,

vol. 23, no. 24, 2023. DOI: 10.3390/s23249668.

e P. Harrison et al., “Utilizing the CASSIOPE FAI Instrument for Resident Space Object Monitoring,” in

Division of Atmospheric and Space Physics (DASP) Workshop, 2023.

e R. Qashoa et al., “Assessing Resident Space Objects (RSO) Stability Using Light Curves,” in Canadian
Aeronautics and Space Institute (CASI) ASTRO, 2022.

e R. Qashoa, “Light Curve Analysis Of Resident Space Objects,” in NSERC-CREATE TEPS Conference,
2022.

xvi



All other parts of this thesis are the original work of Randa Qashoa, and have not been previously

published.

xvii



List of Acronyms

Acronym Description

1D 1-Dimensional

ADAM Adaptive Moment

Al Artificial Intelligence
CAD Computer-Aided Design

CASSIOPE Cascade, Smallsat and Ionospheric Polar Explorer

CCA Connected Components Analysis

CMOS Complementary Metal Oxide Semiconductor
CNES Centre National D’Etudes Spatiales

CNN Convolutional Neural Network

CoM Center of Mass

COTS Commercial Off-The-Shelf

CSA Canadian Space Agency

Dec Declination

DPSN Dual Prototypical Shapelet Networks
DRDC Defence Research & Development Canada
DWT Discrete Wavelet Transformation

ECI Earth Centered Inertial

EMC Electro-Magnetic Compatibility

EOIR Electro-Optical Infrared

e-POP enhanced Polar Outflow Probe

ESA European Space Agency

xviil



Acronym

Description

FAI

FEM
FFT

FN

FOV

FP
FPGA
FWHM
GEO
Grad-CAM
HMM
10D
LAMB
LEO
LIME
LIS

LLA
LSTM
MEO

ML
NEOSSat
OBC
OMM
PCA
PCB
PDM
PDU
ProSeNet
QUEST

Fast Auroral Imager

Finite Element Modeling

Fast Fourier Transformation

False Negatives

Field-Of-View

False Positives

Field Programmable Gate Array

Full Width at Half Maximum

Geostationary Orbit

Gradient-weighted Class Activation Mapping
Hidden Markov Model

Initial Orbit Determination

Layer-wise Adaptive Moments optimizer for Batch
Low Earth Orbit

Local Interpretable Model-agnostic Explanations
Lost In Space

Latitude, Longitude, and Altitude

Long Short-Term Memory

Medium Earth Orbit

Machine Learning

Near Earth Object Surveillance Satellite
On-Board Computer

Orbital Mean-Elements Message

Principal Component Analysis

Printed Circuit Board

Phase Dispersion Minimization

Power Distribution Unit

Prototype Sequence Network

Quaternion Estimator

Xix



Acronym

Description

ReLu
ResNet
RF

RA

RNN
RSO
RSONAR
SBOIS
SBSS
SB-SSA
sCMOS
SDA
SHAP
SNR

SoC
SPACEDUST

SSA
SSH
SSN
STARDUST
STK
STM
SVM
TIMED
TLE
TP
t-SNE
UHS

Rectified Linear Unit

Residual Network

Random Forest

Right Ascension

Recurrent Neural Network

Resident Space Object

Resident Space Object Near-Space Astrometric Research
Space-Based Optical Image Simulator

Space-Based Space Surveillance

Space-Based Space Situational Awareness

scientific Complementary Metal Oxide Semiconductor
Space Domain Awareness

SHapley Additive exPlanations

Signal-to-Noise Ratio

System on Chip

Special Processes and Advanced Computing Environment
for Detection, Unambiguity, Surveying, and Tracking
Space Situational Awareness

Secure Shell

Space Surveillance Network

Star Tracker Attitude and RSO Detection for Unified Space Technologies
Systems Tool Kit

Space Traffic Management

Support Vector Machine

Thermosphere Ionosphere Mesosphere Energetics and Dynamics
Two-Line Element

True Positives

t-distributed Stochastic Neighbor Embedding

Ultra-High Speed



Acronym Description

USB Universal Serial Bus

UTC Universal Time Coordinated

VAE Variational Auto Encoder

WCS World Coordinate System

WST Wavelet Scattering Transformation
XAI eXplainable Artificial Intelligence

xx1



List of Symbols

Symbol Description

0 Angular difference

Opizel Instantaneous FOV

P Observed target’s reflectivity

T Optical transmittance

Tatm Atmospheric transmittance

o(t) Low pass filter

d Solar phase angle

Y(t) Mother wavelet

w Angular rate

A Aperture area

Atarget Area of observed target

ep Number of background photoelectrons
epc Dark current noise

en Read noise

s Number of signal photoelectrons
diarget Observed target’s diameter
Daperture Aperture diameter

Erso Photon-based irradiance

Errorcresstrack  Cross track error
F(®) Function relating illumination phase angle to fraction of reflected light

Ly Background signature

xxii



Symbol

Description

Mobj

msun

Qe

I'bdy
T'host—ECI
Torb
I'sun—ECI

I'target—ECI

R

s(t)

t

tsignal

w

N

Visual magnitude of observed target

Visual magnitude of sun (value = -26.74)
Background visual magnitude per square arcsec
Total number of data points (or light curves)
Pairwise similarity between two points in the original data space
Pairwise similarity between two points in the lower dimension 3D data space
Quantum Efficiency

Position of RSO in body frame

Position of the host spacecraft in ECI frame
Position of RSO in orbital frame

Position of the sun in ECI frame

Position of observed target in ECI frame
Range (distance between observer and target)
Rotation matrix

Input signal

Camera integration time

Signal integration time

Weight vector

Wavelet scattering coefficients

Network input

Position along X coordinate

Classification output class

Position along Y coordinate

Position along Z coordinate

Position vector

xxiil



Chapter 1

Introduction

The trend of launching more satellites into space, particularly nanosatellite constellations, is currently on the
rise. As a result, there has been a dramatic growth in the number of Resident Space Objects (RSOs), which
include satellites, rocket bodies, and debris. This increase in the number of RSOs is visualized in Figure 1.1

from the European Space Agency (ESA) [17].
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Figure 1.1: Number of RSOs around Earth from 1960 to 2023. Source: [17]

As the number of satellites launched into space continues to rise, ensuring their safety from collisions
with other RSOs is becoming increasingly critical and challenging. Past collisions between RSOs highlight
the severity of this issue. The most notable of which is the 2009 collision between the operational Iridium
33 and the non-functional Cosmos 2251 satellites which created more than 1800 new debris tracked by the

Space Surveillance Network (SSN) [18]. More recently, in 2024, the Thermosphere Ionosphere Mesosphere



Energetics and Dynamics (TIMED) and Cosmos 2211 satellites almost collided with less than 10 m between
the spacecraft [19]. These incidents demonstrate the critical role of Space Situational Awareness (SSA),
which involves the detection, tracking, and characterization of RSOs. SSA is crucial for identifying RSOs
in dangerous proximity to satellites and estimating their motion to execute necessary maneuvers, thereby
avoiding potential collisions.

SSA is a field of global interest with a 2030 global market size forecast of $2.68 Billion USD increasing
from $1.88 Billion USD in 2023 [20]. On a global scale, North America generated approximately 40% of the
global market share, and is expected to continue to maintain its dominance in the SSA industry [20]. In
Canada, significant contributions are also being made to SSA research. Defence Research & Development
Canada (DRDC), on behalf of the government, is actively conducting numerous research studies in this field.
Canada has two SSA satellites: Sapphire and Near Earth Object Surveillance Satellite (NEOSSat) with a
third one, named Redwing, currently in development. The analysis in Chapter 5 was performed as a research
activity for the Redwing project. DRDC is analyzing data from NEOSSat as a space-based observer while
also using a ground-based observatory to support NEOSSat’s operations, as well as other SSA activities [21].

To capture the needed RSO data for SSA research, both ground-based and space-based imagers are used.
Ground-based imaging is more accessible due to the ease of setting up and operating telescopes, though this
method comes with limitations. The data collected by ground-based observatories are limited by the RSOs
and stars that are in the Field-of-View (FOV) due to the geographic location of the camera. Additionally,
the images captured from ground-based cameras are impacted by atmospheric attenuation [22]-[23]. Space-
based imaging offers more diverse RSO capture capabilities due to the camera being mounted on a moving
platform. However, spacecraft development takes longer and is more expensive than building ground stations.
Additionally, space-based imagers face risks such as potential collisions, and unlike ground-based cameras,
they cannot be modified once launched. On top of this, the data obtained is constrained by downlink rates.
Despite these challenges, the improved imaging quality and flexibility of space-based imagers justify their use.
As a result, the term Space-Based Space Situational Awareness (SB-SSA) has gained increased usage due to
its significance.

This dissertation demonstrates a ground-based photometric light curve classification algorithm as a main
contribution. Additional contributions include wide FOV camera analysis and space-based image simulations
for SSA missions.

With regard to photometric analysis, light curves are time series data of brightness. In this research, light

curves refer specifically to the brightness time series of RSOs, excluding astronomical light curves of stars or



asteroids. Light curves provide valuable information about RSOs, including their shape, material composition,
type, and spin rate. As a result, this 1-Dimensional (1D) data are especially beneficial for collision avoidance.
Knowledge of an RSO’s spin rate provides insight into its motion, which allows operators to prioritize targets
with irregular or unpredictable movements for collision avoidance maneuvers. Furthermore, knowledge of
an RSO’s shape and surface properties allow us to characterize the RSO. Light curves require much fewer
resources than images, so the use of light curves allows for more efficient data storage where only the necessary
information is used for the analysis. One of the first steps in light curve analysis is understanding the type of
object being observed in order to understand its motion. RSOs can be satellites, rocket bodies or debris. Even
when looking at satellites, their motion varies depending on whether it is an actively controlled spacecraft or
an inactive, and therefore, tumbling object. Analyzing a large number of light curves can be challenging, as
each curve requires individual tuning. A common approach for batch light curve classification is to apply
Machine Learning (ML) techniques to categorize RSOs based on their light curves. This is important for
ground-based satellite operators, as it helps them understand objects orbiting near their assets. Furthermore,
with the development of an efficient light curve classifier, light curve extraction and classification could
potentially be performed in orbit as a first step in motion characterization of nearby objects.

Developing missions for SB-SSA is a rapidly expanding field. An important aspect of SSA mission planning
is selecting the appropriate detector to use. With numerous vendors available, the optimal choice depends on
the mission objectives. There is a need for analysis of the new RSO’s orbit, as well as the different camera
options to assess the best camera to accomplish objectives. Wide FOV cameras are typically used for scanning
large swaths of the sky, which is extremely beneficial for astrometric SSA, whereas photometric analysis
typically relies on narrow FOV cameras with better imaging capability. This dissertation will focus on camera
selection for an SSA mission primarily designed for astrometric analysis, with additional capabilities for
photometric analysis.

Astrometric analysis uses images to determine an RSO’s orbit and motion. With RSO images, we can
predict, detect, and track RSOs. For this dissertation, the RSOs are treated as point sources in the images
as the focus is on the position of RSOs in orbit. A significant challenge of SSA, particularly SB-SSA, is
the restricted access to RSO images. These restrictions come from national security concerns, commercial
technology protection, and geopolitical sensitivities, making it difficult for researchers to obtain the needed
images. Consequently, image simulations have become increasingly important for mission planning, RSO orbit
prediction, validating SSA algorithms for star and RSO detection, and generating light curves. Simulated

images enable us to estimate how an image from a specified observer looks like with accurate star and RSO



pixel locations that are used for the testing and development of other SSA algorithms. Additionally, for
photometric analysis missions, image simulations facilitate the creation of light curves, the testing of light
curve analysis algorithms, and the determination of optimal camera pointing to capture the highest quality
light curves. For SB-SSA, generating simulated images that accurately represent the RSOs visible to an
observer requires precise knowledge of the observer spacecraft’s attitude. Unfortunately, in many scenarios,
detailed attitude information is unavailable. To remedy this, we can model common satellite pointing profiles
and simulate those. Examples of common pointing profiles for optical cameras include target-centering,
anti-sun pointing, nadir, and inertial pointing. With regard to light curve extraction, anti-sun pointing
provides favorable conditions where the targets appear bright and the camera is not saturated by the sun. An
example of an imager in anti-sun pointing is the Fast Auroral Imager (FAI) onboard the Cascade, Smallsat
and Tonospheric Polar Explorer (CASSIOPE). CASSIOPE has publicly available data that can be used for

validating image simulation algorithms.

1.1 Motivation

This dissertation addresses gaps in both photometric and astrometric techniques in SSA. While light curves
are crucial for photometric analysis, they present challenges due to their complexity. In comparison to
extensively researched astronomical light curves, RSO light curve studies are relatively new. Most RSO light
curve analysis studies are performed on Geostationary (GEO) RSOs, yet the majority of RSOs are in Low
Earth Orbit (LEO). LEO RSO light curves are challenging to study as they are short in duration imaging
opportunities. LEO RSOs play a critical role in our daily lives for communication, navigation, and weather
observations. Therefore, understanding their motion and behavior in space is essential for ensuring their
safety in orbit. Analyzing light curves helps to determine the motion and stability of RSOs, which is highly
beneficial for the SSA community.

One aspect to consider in SSA mission design is choosing the hardware to best achieve mission objectives.
In general, when selecting a camera for SSA, key factors include star and RSO observability. When building
missions for photometric analysis, the brightness of observed RSOs also plays a major role. However, most
camera data sheets do not provide direct values for assessing star and RSO observability or brightness
estimates. To address this, a sensitivity analysis algorithm was developed to evaluate the performance of
different cameras in observing nearby RSOs.

Additionally, numerous algorithms exist in the literature that independently predict [24, 25], simulate [26,



27], detect [13, 28], and identify RSOs [29, 30]. A secondary focus of this thesis is to demonstrate a pipeline
applied to a LEO RSO, as part of a feasibility study with collaborators. This pipeline begins with RSO
prediction and concludes with its detection. The contribution of this work is an improved RSO simulator that
has a new pointing mode to simulate anti-sun pointing conditions. This assists with photometric analysis.
This new pointing mode allows us to simulate a wide variety of RSOs and enable RSO prediction for scenarios
where measured attitude data is not available. An end-to-end SSA system is beneficial for future SSA missions,
and this feasibility study highlights the viability of such a pipeline for future missions.

More details on light curves, sensitivity analysis, and image simulations are provided in Chapters 2 - 7.

1.2 Research Outline

The three research projects in this dissertation are applied at different phases of a space mission and address

the following issues:
e Pre-mission Launch — Detectability Analysis:

— An important aspect in SSA mission planning is deciding the correct optical camera to accomplish

mission objectives.

— There is a need for analysis of the new RSO’s orbit as well as the different camera options to

determine the best camera.
— Most camera data sheets do not offer direct values that can be used to assess star and RSO
observability as well as brightness estimates.
e Pre/During mission operation — Image simulation and predictions:
— Image simulations have become increasingly important for mission planning and validating SSA
algorithms.
— Knowledge of the observer spacecraft’s attitude is key to generating simulations, but this data is
rarely available.
e Post data collection — LEO Light curve classification:
— Light curves (measurements of RSO reflectivity over time) allow for RSO characterization. 84% of
satellites are in LEO but most studies are performed for GEO satellites.

— This is due to LEO light curves being shorter than GEO, so they are more challenging to study.



1.3 Research Objectives

The main objectives of this research are to demonstrate a photometric analysis RSO classifier for
characterizing space objects and to simulate RSOs for missions. This dissertation presents the tools for
light curve classification (used in photometric studies), optical system sensitivity analysis, and RSO

prediction with anti-sun pointing via simulation. The detailed research objectives are as follows:

— Develop and validate an algorithm for LEO RSO light curve classification

— Develop a tool for performing sensitivity analysis to assess the performance of various cameras for

co-orbiting object detection in SSA missions

— Implement RSO prediction using simulations in anti-sun pointing mode

1.4 Dissertation Outline

PART I: Light Curve Classification, which is the main contribution in this thesis, describes various ML
algorithms that were developed for LEO RSO light curve classification. The results from these different
algorithms are compared. Chapter 2 shows three approaches used for a supervised learning light curve
analysis study. Chapter 3 shows an improved ML algorithm that addresses the shortcomings of the
algorithms in Chapter 2 by using a self-supervised approach. Chapter 4 offers a qualitative study to
understand the performance of the light curve classifier. PART II: SSA Payload & Simulation Study
illustrates the utilization of a low spatial resolution and wide FOV imager for SSA applications. Chapter
5 provides an explanation of a sensitivity analysis algorithm, used in a mission analysis study, to choose
an appropriate camera for detection of co-orbiting objects at certain threshold distances away from our
spacecraft of interest. This analysis was applied during the Redwing microsatellite mission development,
but can also be used for future SSA missions. Chapter 6 explains an anti-sun pointing mode that was
added to the Space-Based Optical Image Simulator (SBOIS) [31], to allow for RSO prediction when
detailed attitude knowledge is not available. Anti-sun pointing allows for favorable imaging conditions
for photometric analysis, and the performance can be validated with FAI, which is currently locked in
anti-sun pointing. Chapter 7 shows a series of steps to go from RSO prediction to image simulation
using the new pointing mode, and then to real-image RSO detection. Such a pipeline has been tested
with the FATI as well, but can be applied in future SSA missions. Chapter 8 provides overall conclusions

from the studies in PARTS I-II and provides a list of future work that this dissertation will lead to.



PART I: Light Curve Classification

This part has three chapters demonstrating techniques for LEO light curve classification. In Chapter
2, three approaches to supervised learning classification are described. This chapter is based on
the paper R. Qashoa and R. S. K. Lee, “Classification of Low Earth Orbit (LEO) Resident Space
Objects’ (RSO) Light Curves Using a Support Vector Machine (SVM) and Long Short-Term Memory
(LSTM),” Sensors 2023, Vol. 23, Page 6539, vol. 23, no. 14, p. 6539, Jul. 2023, 1ssN: 1424-8220. DOI:
10.3390/523146539. [Online|. Available: https://www.mdpi.com/1424-8220/23/14/6539. There are
two limitations with the approaches in Chapter 2: the first is that the networks take in features from
the light curves as opposed to the light curves themselves. The second limitation is that the light curves
need to be five minutes in duration which means many shorter light curves had to be excluded from

classification.

To address both concerns, an improved light curve algorithm was developed. This is presented in Chapter
3 and is currently under review as R. Qashoa and R. S. K. Lee, “Low Earth Orbit (LEO) Resident
Space Object (RSO) Light Curve Classification using Barlow Twins,” IEEE Transactions on Aerospace
and Electronic Systems, Under Review 2024. The results in Chapter 3 include a comparison with the
best-performing algorithm in Chapter 2. Chapter 3 offers a comparison of algorithm performance for
two, three, and five minute long light curves to assess how well the different classifiers perform when we
are limited by very short light curves. The dataset in Chapter 3 is the same as the one in Chapter 2

and the information regarding the new method is presented in Section 3.4.

To gain qualitative insight into the performance of the Barlow Twins network, Chapter 4 demonstrates
the use of eXplainable AT (XAI) for analyzing the outputs of light curve classification. The results
from this chapter have not been published elsewhere. As a result, this chapter does not include its own

abstract.



Chapter 2

Classification of Low Earth Orbit
Resident Space Object Light Curves
Using a Support Vector Machine and

Long Short-Term Memory

Abstract

Light curves are plots of brightness measured over time. In the field of SSA, light curves of RSOs can
be utilized to infer information about an RSO such as the type of object, its attitude, and its shape.
Light curves of RSOs in GEO have been a main research focus for many years due to the availability of
long time series data spanning hours. Given that a large portion of RSOs are in LEQO, it is of great
importance to study trends in LEO light curves as well. The challenge with LEO light curves is that
they tend to be short, typically no longer than a few minutes, which makes them difficult to analyze
with typical time series techniques. This study presents a novel approach to observational LEO light
curve classification. We extract features from light curves using Wavelet Scattering Transformation
(WST) which is used as an input for an ML classifier. We performed light curve classification using

both a conventional ML approach, namely a Support Vector Machine (SVM), and a deep learning



technique, Long Short-Term Memory (LSTM), to compare the results. LSTM outperforms SVM for
LEO light curve classification with a 92% accuracy. This proves the viability of RSO classification by

object type and spin rate from real LEO light curves.

2.1 Introduction

This section provides background information on light curves, the dataset we are using, and the methods

we are applying to obtain features from light curves in order to classify them.

2.1.1 RSO Light Curves

Light curves represent the brightness of objects (stars, RSOs and planets) as a function of time. They
are commonly used in various space applications (astronomy, planetary studies, etc.) to understand
the characteristics of celestial objects. Various studies on SSA, such as [32-36], rely on light curve
information to extract the properties of RSOs in the trends of this time series data; as such, extracting
RSO features from these data are proven to be very valuable. Light curves have also been used for
estimating ballistic coefficients for LEO RSOs, as proven in [37]. Additionally, light curves can be
simulated as was performed by [38—41], which allows researchers to obtain large quantities of data on

which to perform analyses.

Assessing an RSO’s stability (spin rate or pointing stability) is useful as we identify the characteristics
of RSOs through light curves even when we don’t know the identity of the RSO we are observing. Once
the stability of the RSO has been determined, we classify the RSO into various categories. Figure 2.1
illustrates some of the commonly accepted RSO classes as per [42]. These categories are not exhaustive

or mutually exclusive, as RSOs can belong to multiple categories depending on the context.

There have been multiple studies on the use of ontology for RSO characterization and classification using
the classes listed in Figure 2.1 [42-44]. The most basic classification is by object type. RSOs include
satellites, rocket bodies, or other debris. Satellites are further classified by the presence or absence of an
active control system which generates two subcategories: stable and tumbling satellites. Another common
label for RSOs is the orbit type, which is determined from the altitude of the orbit. There are three main
orbit types, LEO, Medium Earth Orbit (MEO), and high Earth orbit. A very common high earth orbit is

GEO, which is typically placed as a separate category. GEO orbits are unique as they have an altitude of
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Figure 2.1: RSO classes.

35,768 km and an orbital period that equals Earth’s rotation around itself. RSOs are also classified by their
geometry and the direction they are pointing at.This is important as the shape of the RSO as perceived by
the observer appears different depending on its attitude. This also affects studies of brightness, as the
reflection from a solar panel is different from that of the bus. When considering observations of space
objects, there are more categories that are useful in SSA, the most important of which is the material an

RSO is made of, which impacts its reflection patterns.

2.1.2 Study Dataset

The dataset used in this research consists of light curves collected from the Ukrainian database and
atlas of light curves [45]. This database contains a collection of light curves from 340 (LEO) RSOs
with observations performed from 2012 to 2020. The dataset was gathered in Odessa using the KT-50
telescope which has an aperture diameter of 50 cm and is at an elevation of 56 m [46]. The light curves
were collected from a KT-50 telescope in Odessa [45]. For each RSO, there are 1-343 observations taken
at different time periods across a nine year time span. Most light curves have observation lengths of
less than 15 min. The light curves are in the form of a matrix containing the modified Julian date and
brightness for a specified United Nations outer space objects index catalog number that identifies the

studied RSO [47]. For visualization purposes, the light curves for each RSO were plotted. Examples of
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light curves from RADARSAT-2 on 30November 2016, as a sample stable satellite, Jason-2 (OSTM)
on 11 September 2020, showcasing a tumbling satellite, and CZ-4C on 14 July 2020, which is a rocket

body, are depicted in Figures 2.2-2.4.

Both RADARSAT-2 and Jason-2 (OSTM) are boxwing satellites. Figure 2.2 has three distinct peaks
which we assume to be caused by the antenna and solar panels. Figure 2.3 has many peaks, which
indicates that the RSO completes more than one rotation during the observation. This is typical for

tumbling satellites as they rotate much more quickly than stable satellites.

As for Figure 2.4, it shows a very different pattern where there are no distinct or wide peaks and the
brightness constantly drops. By observing the light curve more closely, it appears that there are multiple
local peaks despite the overall brightness decrease during the observation. This behavior is common
among all rocket body light curves. The similarity in the brightness pattern could be attributed to the
fact that the shape of the RSO is similar on multiple sides and there is no face that is significantly
more reflective, as opposed to solar panels and antennas on satellites.
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Figure 2.2: RADARSAT-2 light curve on 30 November 2016.
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Figure 2.4: CZ-4C light curve on 14 July 2020.

It should be noted that these assumptions are applicable to LEO RSOs only, as GEO RSO light curves
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have not been analyzed in this study. Overall, we can assess that LEO light curves of stable satellites
have very few peaks that are attributed to the surfaces with highest reflectivity. Tumbling satellite
light curves have multiple distinct peaks or glints that have a repeated pattern. As for rocket bodies,

their light curves have an almost linear brightness pattern with no clear peaks.

2.1.3 Literature Review on RSO Light Curve Classification

Many approaches are used for light curve classification, with ML being one of the most advanced and
popular methods. The study in [48] provides a summary of different techniques of RSO classification.
When researching different ML techniques for RSO light curve classification, there were two main
types of studies. The first involves classifying light curves into specific known RSOs, these could
be specific satellites, known satellite buses, or even certain rocket bodies. This type of research is
demonstrated in [49, 50]. Multi-spectral simulated LEO light curves were classified in [49], which
presents a unique approach in the literature for light curve classification. The main limitation with this
form of classification is that it is used to identify a limited number of RSOs, and it is difficult to extend

to the full RSO catalog as there are over 50,000 RSOs in the catalog.

The other form of light curve classification characterizes a variety of RSOs into different sets of categories
such as shape, object type, or stability, to indicate if an RSO is actively controlled or not. This is the
form of classification applied in this research. There are three aspects of this study that, when combined
together, highlight the novelty of this work. These three points are: (1) LEO light curve analysis, (2)

real light curve analysis, and (3) wavelet light curve analysis, which will be described in this section.

2.1.3.1 LEO Light Curve Analysis

Most studies on light curve classification are performed on objects in GEO due to the wide availability
of measured light curves in addition to the availability of long duration observations of several hours.
The works in [51-54] serve as examples of that. The work in [52] first attempts classification on a
dataset of GEO light curves before applying the same algorithm on real light curves from a variety of
orbits, including LEO and GEO. Studies on GEO light curves serve as a baseline for the design of LEO
light curve classification algorithms, although the implemented strategies may not be the same due
to the differences in the relative brightness, size, and motion of RSOs. Table 2.1 shows the difference

between LEO and GEO light curves.
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Table 2.1: Comparison of LEO and GEO light curves

Feature LEO Light Curves GEO Light Curves

Short (typically a few
minutes)
Limited (only a handful of
datasets exist)
Typical Size of Satellites Variable Large

Observation Duration Long (typically a few hours)

Dataset Availability Widely Available

For these reasons, LEO RSOs have not been studied as extensively as GEO light curves but, with
the database and methodology used in this research, much more detailed analysis can be performed.
The biggest difference between the dataset in this research and the ones used in GEO classification
papers is that most observation durations are short, typically no more than a few minutes, with the
longest observation being around 15 min in this study. There are only a handful of studies that discuss
the classification of LEO light curves using neural networks, such as [55]. In [55], extra steps were
taken for classification, including applying a test for periodicity and aliasing, aside from extracting
the needed features using wavelet decomposition. In this work, we do not need to apply these extra
steps and use the features from WST to train an ML algorithm with comparable accuracy. In [55],
RSO characterization is performed using shape and spin rate of simulated light curves. However, in
this study, we classify RSOs by object type and spin rate. The classifier sorts RSOs as stable satellites,
tumbling satellites, and rocket bodies in this study, whereas the study in [55] classifies objects into
stable objects, tumbling objects, or tumbling fragments. A tumbling object includes both satellites and

rocket bodies and does not distinguish between the two.

2.1.3.2 Real Light Curve Analysis

There are many studies on light curve simulations, such as those in [38-41]. Several light curve classifiers
are trained on simulated data with the expectation that it would closely match real light curves but,
as indicated in [52], this is hardly the case. In [52], a Convolutional Neural Network (CNN) classifier
initially designed for simulated light curves was trained on real light curves, which resulted in a 75.4%
accuracy on real light curves and 97.83% on simulated light curves. Therefore, to build a classification
algorithm that performs well on light curves collected in the field, real light curves must be used to
train the algorithm. Although the study in [55] was on LEO light curves, analysis was only performed

on simulated light curves in [55], whereas we use observational light curves.
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2.1.3.3 Wavelet Light Curve Analysis

In order to extract the characteristics and features from light curves, we use wavelet transformation.
Wavelet transformation is a frequency analysis method that is comparable to Fast Fourier Transfor-
mation (FFT). As opposed to FFT, which decomposes a signal into a collection of sinusoids, wavelet
transformation breaks down the original signal into multiple wavelets, which are signals that are scaled
and shifted with regards to a known signal or mother wavelet [56]. These wavelets are finite, as opposed
to sinusoids that continue indefinitely. There are two main issues with the Fourier analysis listed in
[57]: spectral leakage and Gibb’s phenomenon. Spectral leakage is an issue where noise occurs during
frequency analysis due to zero padding or other non-frequency related changes to the signal. This
occurs because the finite inputs are then converted during Fourier analysis to a set of infinite sinusoids
[57]. Gibb’s phenomenon occurs when trying to fit a signal with abrupt changes and steep slopes
to a set of sinusoids which are essentially smooth signals [58]. As a result, FFT does not work well
for discontinuous signals and those that do not have enough samples for analysis. When analyzing
observational light curves, wavelet analysis is used to address these shortcomings. In [55], a Discrete
Wavelet Transformation (DWT) was used to obtain features from a light curve following the periodicity

and aliasing test. In this study, we propose a different method of using wavelets.

To obtain a set of features from the light curves that are used for training ML algorithms, a technique
called WST is used. WST is a technique that combines iterative convolution with wavelet transformation

and low-pass filtering [59]. The equation for WST is provided in Equation 2.1 adapted from [60].

W = (s(t) x (1), s(t) x 6(1)) (2.1)

In Equation 2.1, W represents the wavelet scattering coefficients, s(t) is the input signal which is the
light curve data, v (t) is the mother wavelet which is a morlet wavelet in this study due to its balance
between time and frequency localization. ¢(t) is the low pass filter and * denotes convolution. To
apply WST, the signal is first convolved with the scaled mother wavelet. Then, the modulus of the
convolved signal is applied to recover the information lost due to down sampling. Lastly, a low pass
filter is applied to the resulting signal [59]. Using WST has multiple advantages, including stability
in the face of signal time-warping deformations and noise, thus making it ideal for classification [60].

There have been multiple studies on applying WST to obtain features to classify ECG signals, which
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also consist of time series data, including [61-63]. In this study, we apply a similar technique to obtain
features for LEO RSO light curve classification. The key contribution from this study is that measured
LEO light curves are classified into three categories using only one major step for pre-processing: WST.
This research tests the application of two different ML algorithms for classifying observational LEO

light curves.

2.1.4 Artificial Intelligence (AI) Implementation of Time Series Classifica-

tion

In this study, two different AI algorithms are applied for LEO light curve time series classification to
determine the type of RSO. We first start by applying an SVM. Then, we perform the same classification
with a neural network, specifically an LSTM algorithm. By studying two different types of Al algorithms,

we determine the method that is best suited for light curve classification of RSOs.

2.1.4.1 SVM

SVM is commonly used for classification and regression for multiple reasons. Unlike neural networks,
SVM is computationally efficient. SVM creates a hyperplane, essentially a multi-dimensional straight
line, that separates the different classes. The defining feature of an SVM is the approach of selecting
the hyperplane [64]. SVM adopts a concept called the maximum-margin hyperplane, where it selects
the hyperplane that maximizes the distance between the different classes such that it is in the middle.

The equation for SVM is provided in Equation 2.2 which is based on th equation in [65].

1
mi1171§|w|2 subject to y;(w-x; +b0) >1fori=1:n (2.2)
w,

In Equation 2.2, w is the weight vector which contains the parts from WST that best separates the
different classes, b is the bias term which permits the hyperplane to not neceesarily pass through the
origin which makes the network more flexible, z; is the network input, y; is the output class for each
light curve, ¢ which is a value from one to the total number of light curves used in the network, n. The
dot product is used to determine where each light curve is on the hyperplane and the constraint that
the value is greater than one is a check that the light curve has been correctly classified. When the

trends in the data are multi-dimensional, a kernel is used which adds extra dimensions as needed for
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improved performance. SVM is also applied for multi-class classification where there are more than two
output cases. An in-depth analysis of SVMs is available in [66]. An SVM has been used in astronomical
research to classify light curves of stars as in [67], so it should also be sufficient for LEO RSO light

curve classification.

2.1.4.2 LSTM

LSTM is a type of Recurrent Neural Network (RNN) that resolves the vanishing and exploding gradient
issue typically associated with RNN [68]. LSTM consists of three gates or parts. The first determines
the signal at the current step, the second determines the signal at the previous step, and the last is
the “forget” gate which determines how much of the previous signal to consider in the current signal.

Combining previous and current steps makes LSTM a robust tool for analyzing time series data [69].

LSTM has been widely used for time series classification, such as in [70, 71]. It has also been applied to
similar research problems, such as star classification [72]. For LEO RSO light curve classification, LSTM
has been used in combination with a Hidden Markov Model (HMM) in [55] for simulated light curve
classification. To train an LSTM, there are multiple hyperparameters that must be carefully selected to
obtain the best performance. There are a wide range of hyperparameter values to choose from, which
makes the task even more daunting. There are multiple methods to choose the best hyperparameter

values, but the method implemented in this study is Bayesian optimization.

2.1.5 Bayesian Optimization

Bayesian optimization is applied to obtain the hyperparameter values that result in the best algorithm
performance and is especially useful when the function we need to minimize is overly complex as it
considers the function as a black box. The goal of Bayesian optimization is to find the set of requested
parameters that minimizes the value of an unknown objective function [73]. Bayesian optimization is
considered a Gaussian process where the value of the next iteration is based on the current iteration
[74]. Bayesian optimization is also much less computationally expensive than an exhaustive sweep
over all potential options. A more extensive analysis of using Bayesian optimization for choosing

hyperparameters is in [75, 76].

Using Bayesian optimization, the optimized hyperparameter values are 500 hidden units, 220 epochs

and a mini-batch size of 50. The number of hidden units impacts the size of the network and the
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model’s capacity to learn from the data. The number of epochs refers to the number of iterations the

LSTM uses for training, and the mini-batch size is the size of the subset used for training.

2.2 Generating Training Features from Light Curves

This section explains the steps taken to obtain the training features from the light curves used in this

study.

2.2.1 Data Formatting and Extraction

Prior to applying WST, the data from [45] required some formatting to be more intuitive. In the
original data, there is one file for each RSO with numerous observations taken at different dates listed
sequentially. For this research, we separated each observation into a separate input file. This makes

plotting and subsequent analysis much more intuitive as different RSOs are detected at different times.

Aside from the multiple observations per file, there were two main issues in the original data. Each
observation is typically sorted in order of increasing time but there are some that stray from this
norm. There are duplicate measurements that are unsorted. The lack of sorting is problematic when
performing any form of time series analysis, so the pre-processing code contains an extra feature to sort
the data in each observation. Another, more serious, concern is that there are some observations with
a constant magnitude of 36 most likely due to missing samples. This is a critical issue as it greatly
skews the results of subsequent analyses. This was remedied by first locating and then removing the
anomalous observations during pre-processing. The light curves described in this study have all been
formatted by this method. The next step involves extracting the labels. The dataset contains light
curves accompanied by the catalog number which indicates the RSO’s identity. To store the needed
labels for a large collection of RSOs, we developed a script that would obtain the needed information

from several websites, such as Gunter’s Space Page and N2YO, and store the label in an Excel sheet.

Given the large amount of data needed for this study, typical methods of loading variables into memory
are very computationally expensive, so we developed a custom datastore that records the location
of each light curve file alongside its label. The label contains the class of the RSO, which is one of
three options: stable satellite, tumbling satellite, or rocket body. This allows us to perform the needed

transformations on the data while out of memory for most of the code and only reading the data into
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memory at the last step when obtaining the features. More information on datastores is found in [77,

78]. The training and test data in this study are partitioned per light curve and not per type of object.

2.2.2 Feature Extraction

As mentioned in Section 2.1.3.3, WST is applied to the light curves to generate a set of training features
to be used for classification. In order to create the scattering network, the characteristics of the inputs
need to be provided. This includes specifying the signal length, invariance scale, and sampling frequency.
The signal length represents the number of samples available. The invariance scale refers to the limit of
the low pass filter beyond which the signal is reduced to zero. The sampling frequency is the rate of

capturing data, which has been determined as approximately 48 Hz for the dataset used in this study.

After creating the scattering network, the scattering feature matrix is obtained. To generate valid inputs
for classification, a constant signal length must be chosen. Given that the light curves have varying
durations, a single signal length must be chosen, and the remaining data must be padded or truncated.
There are many ways to choose the signal length. In this study, the value that maximizes the training
accuracy while having enough training inputs was chosen. If a light curve has been collected for longer
than the specified duration, it is truncated. As for shorter duration light curves, there are two possible
ways for them to be pre-processed. The first method simply eliminates all light curves with durations
shorter than the specified duration. Alternatively, the shorter signal is padded with zeros to have the
applicable number of samples. For this study, the shorter duration light curves have been removed
but we have included the option for padding the signal in the algorithm if it is deemed necessary for
future studies. Additionally, if required by the dataset, normalization is applied but, for this study, it
made no impact due to the consistency of the inputs. The features consist of a 3D matrix with the first
dimension indicating the number of scattering paths, the second referring to the number of scattering

coefficients, and the third dimension referring to the total number of light curves.

2.2.3 Input Data Visualization

To better visualize the different classes of light curves, we implemented a t-distributed Stochastic Neighbor
Embedding (t-SNE), which is a statistical technique for converting multi-dimensional data into two or three
dimensions, which is easier to visualize [79]. Similarly structured data appear to be clustered together,

which differentiates between the different object classes. Unlike Principal Component Analysis (PCA),
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which is a linear technique, t-SNE is a non-linear technique that preserves the local trends in the data.

The equation for t-SNE is in Equation 2.3 and is obtained from [79].

Py

t-SNE = mm(z P;jlog

i,J

) (2.3)

In Equation 2.3, P;; is the pairwise similarity between two points in the original data space and @;; is
the pairwise similarity in the lower 3D space. There are a few parameters that are used in t-SNE. The
perplexity is a value that represents how many nearest neighbors to consider in calculating the pairwise
similarity and its value is set as 30 in this study. Additionally, there are multiple distance metrics that can
be used to compute the t-SNE, but in this study we implemented the Euclidean and Chebychev distance
equations on the light curves of the three different classes to generate a 3D embedding of the input data
shown in Figures 2.5 and 2.6. Figures 2.5 and 2.6 reveal different clusters in the data. For example,
most stable satellites are clustered together in the Euclidean embedding. This does not hold for the
Chebychev distance calculation though, where stable satellites and rocket bodies appear to cluster in a
similar region. By applying t-SNE, we can see some separation among the different classes but it is not
very pronounced. This makes it difficult for classification. After applying WST to match the input to
the different algorithms, the relationship between the different coefficients now has a different trend,

which is shown in Figures 2.7 and 2.8.

After applying t-SNE on the WST features, we can notice a closer similarity between the Euclidean and
Chebychev distance approaches. This is purely an artifact of the data though, and does not necessarily
indicate an underlying trend in the data. The classes are still not completely split into individual
clusters, but we can notice that certain cluster regions now appear for the three different classes. Given
that the classes are not appearing in tightly grouped clusters, the light curves will not be simple to

classify and there may be some outliers in the classification results.

2.3 Light Curve Classification

To classify light curves, we first implemented an SVM with two different methods of preparing the
inputs to study the difference in performance. Then, we trained an LSTM RNN to assess the difference
between a classical ML approach and a neural network. To compare the results, we computed some

performance metrics such as accuracy, precision, recall, and F1 score. Since we have a multi-class
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Figure 2.5: 3D embedding of light curves using Euclidean distance.

classification problem with a different number of elements per class, weighted averaging was used. The

definition and equations for each of these terms are defined in detail in [80, 81].

2.3.1 SVM Results

When implementing an SVM, we utilized two different approaches for generating the model inputs.
We attempted a mean features approach and a window-based approach. For both types of inputs, we
defined the same training parameters. To obtain higher accuracy results, we implemented a second
order polynomial kernel as opposed to using a linear function. The next factor to choose was the type
of multi-class classifier. When there are more than two output classes, there are two main ways to
specify how the computation happens. The first approach is a one vs. all classification, where each class
is compared with all other classes [82]. The second approach, called one vs. one, breaks the multi-class
classification problem into a collection of binary classifications, where each class is compared to one

class at a time forming pairs. A deeper comparison of the two techniques is in [83]. For this study, we
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Figure 2.6: 3D embedding of light curves using Chebychev distance.

showcase the results of using a one vs. one classification approach as we noticed minimal change on the

testing accuracy from a one vs. all approach.

2.3.1.1 Window Based Approach

The first method of preparing inputs for SVM we attempted is by using a window-based approach. To
perform this, we split each scattering time window as a separate input to the model and trained the
SVM. When computing the performance metrics, we combined the signals back to the initial input size
and took the label featured most for each RSO as the predicted label. The overall accuracy of this
method was 60%, which is unacceptable for classification. Table 2.2 summarizes the performance metrics.
The performance of the algorithm is poor specifically when considering precision, recall, specificity, and

F1 score.
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Figure 2.7: 3D embedding of WST coefficients using Euclidean distance.

Table 2.2: Performance metrics of different light curve classifiers.

Method Accuracy Precision Recall Specificity F1 Score
SVM Window-Based 60% 40% 48% 46% 40%
Approach
SVM Mean Features 87% 86% 82% 84% 81%
LSTM 92% 90% 89% 95% 89%

2.3.1.2 Mean Features

The second type of feature pre-processing involves using the mean features from WST as inputs to the
SVM. This allows us to obtain a 2D set of features from a 3D array. The average of the columns, which
consist of the second dimension of the matrix, is taken such that an m x n X o sized-matrix becomes an
m by o sized array. By reducing the dimensional of the input, we reduce computation time significantly.

The resulting test accuracy is 87%.

The overall performance of the classifier when using mean features has improved significantly as

compared to the window-based approach (see Table 2.2), and the algorithm runs about 86% quicker
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Figure 2.8: 3D embedding of WST coefficients using Chebychev distance.

as it only takes seven seconds to train the network. Given that the values of all metrics are relatively
similar to each other, we conclude that this approach results in more consistent classification regarding

False Positives (FP) and False Negatives (FN).

2.3.2 LSTM Implementation

To study whether a neural network performs better LEO light curve classification as compared to a simpler
approach like SVM, we trained an LSTM. This method was chosen specifically due to its wide use in the
literature for multi-class classification. As opposed to SVM, which requires a few options to choose from
before training, neural networks require the user to supply many hyperparameters, and the sheer number of
potential options require some form of optimization technique to determine the best values to choose from.

As a result, we implemented Bayesian optimization to select the best values for the hyperparameters.
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2.3.2.1 Applying Bayesian Optimization

There are many hyperparameters that we could optimize but, for this analysis, we chose to prioritize
the number of hidden units, the maximum number of epochs, and the mini batch size, as well as the
initial learning rate. The number of hidden or recurrent units refers to the number of internal layers
within the LSTM network. As indicated in [84], if this number is too large, the network overfits the
data quickly, which deteriorates the performance on a test set, but if the number is too small, then the
network does not store enough details to efficiently solve the problem. The number of epochs refers
to the number of times the model passes through the complete training set. Similar to the number
of hidden units, too small a value misses essential features of the data, while too large a value risks
overfitting [85]. Mini batch size refers to the number of inputs to use for each iteration. Thus, each
epoch has a collection of batches. Finally, the learning rate indicates the change in weight of the model.
A very small value takes too long to train and a very large value risks overshooting and diverging from

the expected result.

2.3.2.2 LSTM Results

After obtaining the hyperparameter values using Bayesian optimization, which took over a week to
optimize 30 epochs, the LSTM network was trained, which resulted in 92% accuracy. Additional
performance metrics are provided in Table 2.2. Training the LSTM was completed in 3.5 min, which is
30 times longer than SVM mean features. Although this algorithm is slower than the mean features
SVM approach, LSTM has the best performance as compared to both SVM approaches with regards to
all five performance metrics. This means that, although simpler solutions like SVM work relatively well
for light curve classification, higher accuracy demands more complex methods such as deep learning

with LSTM used as an example in this study.

2.4 Conclusions

In this study, we implemented a novel approach for LEO RSO classification of observational light
curves. We used WST to extract features from LEO light curves, which was then applied to different
AT algorithms to classify RSOs by object type (stable satellite, tumbling satellite, and rocket body). By

visually observing the different light curves, we determined some differences between stable satellites,
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tumbling satellites, and rocket bodies, but these differences are complex, which make it difficult to
apply analytical classification. This is further proven by applying t-SNE to the input light curves as
well as the WST coefficients, as the clusters are closely grouped together. Applying t-SNE on the
WST coefficients adds more distinction between the classes, but the result is not pronounced enough to
warrant simpler classification techniques feasible. We applied a non-deep learning technique (SVM) as

well as a deep-learning approach (LSTM) to compare classification performance.

We used the scattering network features to train both the SVM and LSTM for comparison. For the
SVM, we first tested a window-based approach where the scattering network was split by each individual
time window. Although we expected this method to be satisfactory for classification, the resulting
accuracy was only 60%. The low accuracy is most likely due to the lack of sufficient features in each
time window and the resulting large amount of training data due to splitting each time window as a
separate input. SVM does not work well for very large datasets, and it seems to be the main cause of
the poor performance. The second approach to SVM used the mean features of the scattering network
as input parameters. Although we removed one dimension from the data which decreased computation
time and simplified the inputs, the accuracy has increased significantly to 87%. This also proves that
the large dataset was the reason for the time window approach failing. Finally, we trained an LSTM on
the features from the scattering network as is. A major complexity of neural networks is determining
the ideal value of the hyperparameters that result in the best performance and, in this case, Bayesian
optimization was used. Using the hyperparameters from Bayesian optimization resulted in the highest
accuracy out of all approaches, 92%. This is significant to the SSA community as this study provides
the capability of classifying observational LEO light curves into stable satellites, tumbling satellites,

and rocket bodies.

Future work includes implementing (1) a light curve classification algorithm on datasets of observational
light curves taken from a space-borne camera, as well as looking at (2) the improvement of classification
accuracy for each class. For space-borne datasets, we are currently examining FAI and NEOSSat images.
FAI is an instrument onboard the CASSIOPE satellite [86]. As indicated by its name, the original
purpose of FAI was to study auroras, but the camera specifications work for RSO observation as well.
The camera specifications are comparable to a star tracker in that it has a low resolution of 256x256.
NEOSSat is a Canadian satellite that targets asteroids [87]. Ground-based images are captured from a

fixed observer, but space-based images are captured from a moving, and sometimes spinning, satellite.

26



Therefore, space-based images are much more complicated for light curve extraction and classification.
Another aspect that impacts the generation of light curves is the method of capturing images. An
observer can either point at a fixed location and capture images, which we refer to as stare mode, or
track RSOs as they pass through the FOV, referred to as tracking mode. Light curves have traditionally
been captured in tracking mode, but we are interested in attempting stare mode light curve extraction

due to the wide availability of such images.
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Chapter 3

LEO RSO Light Curve Classification

using Barlow Twins

Abstract

The number of satellites launched into space is increasing by the day especially with the proliferation
of large constellations. As a result, there is a growing need to track and classify RSOs such as
satellites, rocket bodies, and debris to keep our satellites safe and clear from collisions. One approach
to understanding the type of RSOs is by using their light curves which are time series of brightness
measurements. Although most RSOs are in LEO, few LEO RSO light curves have been studied due
to the short measurements and lack of sufficient data. Despite these challenges, it is very beneficial
for space operators to have an understanding of how RSOs near their satellite move. In this study, we
demonstrate a technique for LEO RSO light curve classification using a self-supervised ML technique
referred to as Barlow Twins. We tested this algorithm with light curves that are two, three, and five
minutes long and obtained accuracies of 75%, 85%, and 97% respectively when classifying light curves
into stable satellites, tumbling satellites, and rocket bodies. By distinguishing these classes, space
operators can prioritize avoidance maneuvers for critical targets to protect the orbit around operational

satellites.
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3.1 Introduction

There is a rapid increase in the number of satellites launched into space. As a result, the orbit around
the Earth is getting more congested. As a result, the chance of collisions occurring between different
RSOs is increasing [88]. RSOs consist of objects in space including satellites, rocket bodies, and debris.
The risk is especially large for RSOs in LEO where the number of launched and planned constellations
is growing. The increase in the number of RSOs in space necessitates the actions of detecting, tracking,
characterizing, and identifying RSOs, which are encompassed in a field known as SSA. SSA studies
are typically performed using astrometric analysis of starfield images containing RSOs. Although this
is useful for SSA, this approach alone does not capture all possible information about the RSO such
as its spin rate. To better understand a satellite’s shape and its spin rate, the object’s brightness can
be observed over time. This brightness data is known as a light curve. RSO light curves allow us to
understand characteristics of RSOs without using images. Given that we only need brightness values,
there is no need to downlink entire images from RSOs in orbit. Alternatively, ground-based telescopes
are also used to measure RSO brightness. Light curves allow us to extract information about an object
such as the type of RSO (whether it is a satellite, rocket body, or debris), the attitude or orientation of
the RSO, and the shape of the RSO as well as the material it is made of. Understanding what RSOs are
in the FOV of an observer and how they move allow operators of the observer satellite to better perform
maneuvers to prevent collisions and keep our orbits safe. Specifically, knowing the type of object allows
operators to prioritize tracking and maneuvering decisions to avoid potential collisions. For example,
unstable objects with irregular spin patterns or rocket bodies with unpredictable trajectories have
a higher risk and should be targeted for more extensive monitoring and collision avoidance actions.
By focusing on riskier and non-stable objects, operators can optimize their resources to maintain the
safety of their RSOs of interest. In the field of astronomy, light curves of stars and asteroids have been
researched extensively for decades but not all the techniques apply to RSO light curves given that the

light curves studied in astronomy tend to be much longer than the ones we obtain for RSOs.

There are many factors that impact light curves. Some are local to a certain region of the light curve
measurement, and others are global to the whole RSO. Global factors include the RSO’s phase angle and
spin rate, while local factors include the shape and material of the RSO particularly when considering
surfaces that have antennas or solar panels which appear brighter to an observer. In the field of RSO

light curve classification, most research advances have been on GEO RSOs that are at an altitude of
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around 36000 km as opposed to LEO RSOs with altitudes less than 1000 km. As noted by [51, 53], the
increase in observation systems built from Commercial Off-The-Shelf (COTS) components expands the
number of GEO observations performed and demonstrates the ability to collect large datasets for full
GEO belt observations. GEO RSOs are also capable of being observed for long periods at a constant
elevation angle which results in long light curves as well. On the other hand, LEO light curves are much
shorter than GEO light curves, on the order of a few minutes as compared to a few hours. Therefore,
LEO light curves are more challenging to research. Even though there are challenges, studying LEO
light curves is of great importance as 84% of RSOs are in LEO [89]. Due to the small number of GEO
satellites, researching GEO RSOs alone severely limits our understanding of most RSOs in space. This
makes LEO light curve studies extremely beneficial to the space research and operations communities.
The main objective of this paper is to improve an existing algorithm for LEO light curve classification
by RSO type and stability where the algorithm classifies RSOs into stable satellites, tumbling satellites,

and rocket bodies.

Light curve classification on LEO objects have been limited to simulated light curves such as in [55] or
to longer measured light curves including our own study from 2023 [1] where we examined measured
LEO light curves with five minutes of observation period. Most LEO light curves are much shorter
than five minutes in length due to the severely limited viewing angle. In the dataset used in this study
as well as the 2023 study [45], over 90% of the light curves were obtained with less than five minutes
of observation. A histogram for the lengths of the light curves in our study is in Figure 3.1. Prior to
our implementation for light curve classification, the light curve dataset has been used to study the
rotation rate of RSOs [46]. In our previous work [1], we implemented SVM and LSTM for light curve
classification [1]. The best performance of the algorithm yielded an accuracy of 92%. Another aspect
to note regarding our previous algorithm is that instead of using light curves directly, we used WST
coefficients of the light curves as the input to the ML algorithms. While WST allows us to extract
suitable features for accurate classification, using the original dataset without feature extraction is
preferable with complex networks that are capable of learning features directly from the raw data.
Additionally, using the original data allows for the preservation of information that would be discarded
when extracting features. Furthermore, using the original dataset simplifies the ML model and reduces
processing time. Once the network has been trained, the extra step of obtaining features for the test
set is removed which improves the end user’s understanding of the network and simplifies the process of

using the algorithm for future test cases.
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Figure 3.1: Histogram of Light Curve Durations.

The Barlow Twins presented in this study addresses both the short light curve and WST issues when

classifying LEO light curves to obtain a more efficient and comprehensive algorithm.

As we noted in [1], there is growing interest in RSO light curve classification using ML and AI. However,
most studies thus far are limited to either simulated light curves or GEO objects. In this paper, we
review the ML approaches used in light curve classification and introduce the application of the Barlow
Twins method, originally developed for image classification in [90], to the classification of LEO light

curve data.

3.2 Background - Approaches to light curve classification

3.2.1 ML Methods

The most common application of ML in light curve classification is in the astronomy field. ML
classification of astronomical light curves of stars and asteroids have been extensively studied in many

works. In [91], real light curves of stars were classified to determine whether there is a transiting
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exoplanet in the light curve or not. This study was the first to demonstrate the use of real light curves
using ML classification. A Random Forest (RF) was determined to have the best performance with
an accuracy of 74.71%. In [92], a CNN was used for astronomical transient event detection and was
determined to outperform an RF. The resulting accuracy of the CNN is 99.45%. Research performed in
[93] demonstrates an automated classification algorithm using boosted decision trees for a variety of
astronomical objects including stars and supernovae. The classification accuracy varied enormously
amongst the different classes as astronomical objects were classified with an 81% - 100% accuracy
while supernova classes had accuracy values of 33% - 71%. Countless other research on astronomical
light curve classification has been performed such as in [94-97]. With the large number of potential
astronomical light curve classification labels, a direct comparison of these different studies is not possible
as each study performs a different classification task with a different dataset. Nevertheless, these studies

show that there are many successful attempts to astronomical light curve classification.

Astronomical light curves capture changes in brightness over time, typically caused by sunlight reflected
off asteroids or planets or by light emitted by distant stars and galaxies located many light-years away.
As a result, light curves could be several hours long. Observed RSOs, on the other hand, are at much
shorter distances from the observer, whether that is a ground-station or another RSO. As a result,
RSO’s pass by the observer much faster and the measurements are shorter than astronomical light

curves.

Most advances in RSO light curve classification have been made for GEO RSOs. In [40], simulated
GEO light curves were classified using a CNN. In [51], a multi-step classification approach was applied
using an RF network and a HMM. The first classification step determines whether an object is stable
or tumbling and the second step classifies tumbling bodies to rocket bodies or tumbling satellites. In
[52], SVM, CNN, and Bagged Ensemble approaches were tested for simulated GEO light curves as well
as measured light curves of RSOs in LEO and GEO. The Bagged Ensemble approach in [52] achieved
a 99.5% accuracy on the simulated dataset but 63.5% accuracy on the real dataset. The large drop
in accuracy when using real light curves highlights the challenges of generalizing models trained on
simulated data alone when dealing with complex data such as RSO light curves. Using measured light
curves alone would yield more realistic results that will allow the network to be used effectively by

satellite operators.

Given the importance of LEO RSOs, it is critical to study LEO light curves in addition to GEO. The
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major difference between LEO and GEO light curves that prevent us from directly implementing past
solutions is the much shorter duration of LEO light curves that are only a few minutes long as compared
to GEO light curves. There are some emerging studies on LEO light curve classification such as [55]
where LSTM and HMM were used for simulated LEO light curve classification. To our knowledge, our
previous work, [1], presented the first approach to real LEO RSO light curve classification. In [1], we
used WST to obtain the inputs to the network. We then used Bayesian Optimization to determine the
optimal hyperparameter values to train the network. We tested both SVM and LSTM architectures.

The network that yielded the best performance was an LSTM network that achieved over 90% accuracy.

With regards to ML light curve classification, there are some similarities across the different approaches
indicated earlier. First, most ML algorithms rely on features that are used as inputs to the ML algorithm
as opposed to the light curve directly. These features include the minimum, maximum, and average
brightness, the linearity of the light curve, and the slope. In addition to counting certain statistics
from light curves and using them as features, coefficients determined from light curves are used as well.
In [55], DWT is applied to determine the coefficients used for training and in our previous work, [1],
WST was used. In our experimentation, we deemed the iterative convolutions and low-pass filtering
incorporated within WST to be a better fit than DWT for classifying measured LEO light curves.
One challenge is that WST requires defining parameters for efficient feature extraction. In addition to
the sampling frequency, the invariance scale, which represents the time scale of the low pass filter, is
another input. Considering that WST features are not easily interpreted on their own, re-training the
full network when changing these parameters is needed to optimize these values. Therefore, extracting
features from light curves involves additional processing. If this step can be removed, a more efficient
algorithm can be designed. In astronomical light curve classification, [95] uses density based parameters
of the light curve using the distance between measurements as opposed to static features. In this work,
we demonstrate an improved classification algorithm that uses augmented light curves directly in the
ML algorithm as opposed to features. Once the network has been trained, testing can be performed on

the direct light curves alone without any augmentation.

Another aspect to consider when choosing an ML algorithm is the type of learning needed for the model.
There are supervised, unsupervised, semi-supervised, and reinforcement learning approaches. Most
light curve classification models utilize supervised models alone while some such as [51, 55] combine

a supervised model with an unsupervised HMM to assist with the classification. Our initial work in
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[1] used supervised learning. In this study, we use a self-supervised ML algorithm, namely Barlow
Twins, followed by a softmax layer to perform the classification. The light curves used in this study
are manually labelled. As a result, adding a softmax layer after the main network has been trained

prevents the model from relying too heavily on potentially mislabeled data.

3.2.2 Analytical Methods

In comparison, there are non-ML based methods that have been successfully applied to characterize light
curves. In [98], FFT, classical periodogram, Lomb-Scargle periodogram, Phase Dispersion Minimzation
(PDM) and other analytical techniques were used for sidereal rotation period determination. PDM and
periodograms were deemed to perform the best. These techniques were applied to measured astronomical
light curves as well as simulated LEO light curves. Lomb-Scargle periodogram is advantageous in
analyzing data that is difficult to study with FFT such as the case of an unevenly sampled dataset.
PDM starts by assuming different periods and calculates the ratio of the data conforming to those
periods. The most likely period is one that minimizes the error ratio. The light curves are then folded
over or resampled at these periods to form more uniform light curves as compared to the original. The
analysis was successful for the astronomical light curves but was not as reliable for the analysis of
simulated LEO light curves. This issue can be attributed to inconsistencies in simulating LEO light
curves. In [36], measured light curves of spherical and cylindrical objects were characterized using a
custom phase function. In our research, prior to implementing ML techniques, we attempted LEO light
curve classification via analytical methods such as FFT, Lomb-Scargle, and PDM. These approaches
are used for spin rate extraction. No unique trend from the stable satellites, tumbling satellites, and
rocket bodies were determined from the analytical analysis. As a result we concluded that the real light
curves are too short to discern the spin rate using these methods. This was determined by looking at
the small “periods” calculated by PDM in addition to the lack of significant spectral components in
the periodograms. Additionally, analytical approaches work well when tuned for the dataset where the
shape or other features are well known which is not the case in the measured LEO light curve study.
While useful for small datasets where the shape of the object is known ahead of time and the light curves
are long enough, analytical analysis is not sufficient for accurate batch light curve classification when
given a large dataset of light curves where the RSO’s shape is not always known and the observations

are a few minutes long.
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Table 3.1: Distribution of RSO Classes in the Light Curve Dataset.

RSO Class Percentage
of Dataset
Stable Satellites 28%

Tumbling Satellites 37%
Unknown Satellites 14%
Rocket Bodies 17%
Debris 1%

3.3 Dataset

The dataset used in this study, as well as our previous work on light curve classification, consists of light
curves from the Ukrainian Database and Atlas of light curves of artificial space objects which contains
more than 6,800 LEO light curves of over 300 RSOs [45]. The dataset is sampled at a frequency of
around 50 Hz so the data points are approximately 20 milliseconds apart from each other. In this
dataset, many RSOs have multiple light curves captured at different time periods. Another notable
aspect of the dataset is that the duration of each light curve is different. The last thing to note is that
the original dataset consists of the light curves (brightness and time values) and the identity of the RSO.
The RSOs were manually labelled into the classification categories: stable satellites, tumbling satellites,
and rocket bodies. The type of object (satellite, rocket body, or debris) is easily determined using the
RSO’s catalog number which identifies the RSO. Using this information, an algorithm was developed
to scrape the internet to obtain the label. The more challenging task was to determine whether the
satellite is stable or tumbling. This required a more manual approach of searching for the satellite’s
status. There are some satellites without publicly available status and those were simply labelled as
“Unknown Satellites”. It should be noted that acquiring and labelling the dataset was performed when

working on the original classifier in [1]. The percentage of each label in the dataset is in Table 3.1.

3.4 Methodology

A Barlow Twins network first described in [90] is used for light curve classification. This is a type of

self-supervised learning algorithm that uses redundancy reduction. This architecture consists of two
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random augmentations of each input where the cross-correlation matrix from the embeddings of these
random augmentations, or Twins, is as close to the identity matrix as possible. The Barlow Twins
network was originally developed for image classification, but we are applying it in this study to time
series data, namely light curves. There are multiple reasons for considering Barlow Twins. Given
that Barlow Twins is a self-supervised network, the algorithm is less reliant on the manually assigned
labels such that potential mislabelling does not alter the way the Barlow Twins algorithm learns from
the data. To achieve classification, we added a softmax layer after the Barlow Twins implementation
which relies on the labels, but this is only added after the network has been trained without the labels.
This approach prevents the network from learning skewed representations that could be a result of
inaccuracies in manual labelling, particularly between stable and tumbling satellites. Another factor
is that Barlow Twins is a flexible approach that allows the use of different types of encoders without
impacting the implementation of the overall architecture. A Barlow Twins network is implemented with
encodings from Residual Networks (ResNets), Transformers, Variational Auto Encoders (VAEs), or
other architectures as deemed necessary by the study being performed. This allows for experimentation
with different encoders while keeping the main structure of the network intact. Additionally, by using
two random augmentations per light curve, the algorithm learns to be robust against minor changes

that do not alter the characteristics of the object being observed.

A summary for the implementation of Barlow Twins is as follows. Using the original data, which are
light curves in this study, two distorted or augmented versions of each light curve are obtained, while
ensuring the class of the object does not change. Both augmentations are passed through an encoder
network to obtain representations. The encoded data are then passed through a projector layer, which
consists of a series of dense layers. This results in two sets of embeddings from each augmented input.
Then, the cross-correlation matrix between these embeddings is computed and the goal of the loss
function is to make the cross-correlation matrix as close as possible to the identity matrix. A graphical
summary of this architecture is in Fig. 3.2. The remainder of this section explains each of these steps

in detail.

3.4.1 Dataset preprocessing

The first step in dataset preprocessing is unifying the length of the dataset. The light curves in this

study have varying measurement durations. As a result, the length of the dataset has been unified for
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ease of implementation into the ML algorithm. By evaluating the length of the available light curves,
we determined that minimum durations of two, three, and five minute light curves, which represent
68%, 40%, and 10% of the dataset respectively, are appropriate measurement lengths to use for testing
algorithm performance. As a result, three classifiers are trained, one for each of the selected durations.
The minimum duration of two minutes was set as it minimizes the exclusion of shorter light curves
given that most light curves are still included in the study. For light curves that are shorter than the
specified length, they are removed from the input dataset. The maximum duration of five minutes was
chosen to serve as a comparison point to the LSTM classifier presented in [1]. Since the light curves in
the original dataset are sampled every 20 milliseconds, the light curves used in the classification task are
down-sampled by a factor of five such that the data points are 100 milliseconds apart. A down-sampling
factor of five was determined by finding the factor where the autocorrelation drops to 1/e or 36%.
This factor was then tested to ensure that the performance of the classifier is not diminished.The
down-sampling reduces the length of the dataset used in the neural network which speeds up training.
There are 1200, 1800, and 3000 measured data points for each light curve in the two, three, and five
minute light curve datasets. In this study, debris and unknown satellites are removed from the dataset
as they will not be used for training the network. Debris represents 4% of the entire dataset, which is
significantly smaller than the other classes. As for unknown satellites, they can be used in the classifier
to determine whether they are stable or tumbling after the network has been trained. Then the data
were split into training and test sets with an 80%-20% split. To increase the number of samples and to

unify the number of light curves per class, light curves longer than the set duration with fewer light
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curves were split into multiple inputs. After dataset prepossessing, there is a total of 2515, 2538, and

699 light curves with measurement durations of two, three, and five minutes long, respectively.

3.4.2 Dataset Augmentation

One of the major aspects of the Barlow Twins network is its heavy reliance on augmentations for
training. Given that the augmentations are used as inputs into the network, a set of two different
but correlated light curves are required. Since the inputs are time series data and not images, the
augmentation techniques applied in [90] are not compatible. The following augmentation techniques
were used for the light curves: Gaussian noise for each light curve, as well as random window warping
and random magnitude warping on part of the dataset 20% of the time. Gaussian noise was added to
the light curves to simulate the effect of sensor noise or variations in measurement conditions. Gaussian
noise was applied to make the trained Barlow Twins network robust against noisy data. Random
window warping is randomly selecting a slice in the light curve, expanding, or narrowing it and then
re-scaling the light curve back to its original length [99]. Random magnitude warping is altering the
magnitude of the light curve at different points [99]. Since it is important to maintain the original
classes of the light curves, augmentations that are too excessive are avoided. In this study, very minor
augmentations were applied to the light curves. The random window and magnitude warping are not
applied to all samples to add a variety in the augmentations to ensure robustness where some light
curves have both magnitude and time warping, some have one approach applied and other only have
Gaussian noise applied. A visual summary of the preprocessing and data augmentation steps on a
sample light curve is in Fig. 3.3. Fig. 3.3 demonstrates both window and magnitude warping but not

all light curves will have magnitude and time warping applied to them.

There are other augmentation approaches that can be tested in future studies. A simple approach is
a moving window applied to the full length light curves to generate various subsamples originating
from the same full-length measurement. Time embedding, where the time data is retained for training
provides additional temporal context for the data which allows the network to better understand
temporal trends in the data. Another approach is frequency domain augmentations, where filtering or
phase shifts can be applied to introduce augmentation complexity. Lastly, mixup augmentation where
two light curves are combined and interpolated to generate new samples can be applied to increase

model robustness and reduce overfitting. This approach has been developed for image data in [100] but

39



it can be implemented for time series data as well.

3.4.3 Barlow Twins network

The main functions of the Barlow Twins network are described in this section.

3.4.3.1 Encoder

The first part of the Barlow Twins architecture is the encoder network which computes representations
of each of the augmented light curves. Similar to [90], we used a ResNet architecture. This network
was originally developed for obtaining representations from images, and we have modified it to work for
time series data. The architecture consists of four blocks of convolution with L2 regularization, batch
normalization, Rectified Linear Unit (ReLu) activation, and skip connections. Then, global average

pooling is applied.

3.4.3.2 Projector

Once each augmented light curve is encoded, the results are passed to the projector network which
consists of two dense layers, each with 5000 neurons. Batch normalization and ReLu activation are
also used in this function. When implementing this in code, a single function for building the Barlow
Twins architecture was used which first calls the encoder network and then adds the dense layers. The
embeddings of each augmentation resulting from the projector network are used as inputs to the loss

function.

3.4.3.3 Loss function

The loss function for a Barlow Twins approach is what separates it from other architectures. As
first described in [3], the loss function has two parts. The first part is called the invariance term.
The goal of this part of the loss function is to make the diagonals of the cross correlation matrix
between the embeddings of each augmentation equal to one which indicates that the augmented light
curves are correlated or originating from the same original light curve. The second part of the loss
function is the redundancy reduction term that aims to make the off-diagonals zero which means this

part de-correlates parts of the embedding which reduces the redundancy between the embeddings of
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the augmentations. The loss function for Barlow Twins focuses on the redundancy reduction aspect
between the augmentations only so it is a static approach. The redundancy reduction component is
very important for building a robust network that is less prone to overfitting. A ResNet encoder was
added to introduce a temporal element using skip conenctions, but for future studies, implementing
an LSTM after the Barlow Twins architecture would be interesting to study given that LSTM is a

sequential model typically used with time series data for capturing long-range dependencies.

3.4.3.4 Linear evaluation model

The Barlow Twins architecture only results in embeddings and does not perform classification. To reach
the goal of light curve classification, a linear dense layer with softmax activation is added to the Barlow
Twins model. The main aspect to note is that this step is only intended to perform classification and
should not alter the features learned by the Barlow Twins model. As a result, the weights of the Barlow
Twins model are set to be non-trainable such that they do not change during linear model training.
The only layer that can be tuned at this stage is the final layer. Using a self-supervised algorithm that
does not initially rely on labels allows for the network to heavily learn from the light curves directly as
opposed to the labels. L2 regularization is applied to avoid overfitting. Unlike the Barlow Twins model,
the linear evaluation model uses the original, unified length, light curves only and does not use the
augmented version of the light curves. As a result, when testing a trained network, the original light

curves are used with unified length but no other modifications.

For both the Barlow Twins and the linear model, Layer-wise Adaptive Moments optimizer for Batch
(LAMB) training was used. Using LAMB resulted in faster convergence as opposed to Adaptive Moment
(ADAM) estimation.

3.5 Results

This section shows the results from the LSTM and Barlow Twins LEO RSO classification models
applied to two, three, and five minute long light curves. Table 3.2 shows the highest accuracy of both
models obtained after hyperparameter tuning for the different light curve durations. The same network
architecture as that in [1] has been used for this study but the network has been re-trained with a

modified dataset to match the pre-processing performed on the Barlow Twins network. Using a duration
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Table 3.2: Classification accuracy using LSTM and Barlow Twins for two, three, and five minute long light
curves.

Duration |LSTM | Barlow
(minutes) Twin

2 66% 5%

3 72% 85%

) 92% 97%

of five minutes gave the highest accuracy of 92% for the LSTM network and 97% for the Barlow Twins
network. LSTM classifies a two minute light curve with 66% accuracy and a three minute light curve
with 75% accuracy. On the other hand, Barlow Twins classifies a two minute light curve with 75%

accuracy and a three minute light curve with 85% accuracy.

To evaluate the performance of the LSTM and Barlow Twins networks over the different epochs, the
accuracy and loss plots are shown in Figs. 3.4 and 3.5 respectively. The plots of accuracy over epochs in
Fig. 3.4 show the training and validation accuracy following each other with the Barlow Twins network
having a gap that decreases as the length of the light curve increases. Similarly, for the Barlow Twins
network the loss in Fig. 3.5 decreases as the light curve duration increases with the gap between the
training and validation loss decreasing as well. Both accuracy and validation plots show the increase in
performance as the number of epochs increase. However, for the LSTM loss, the gap between training
and validation loss increases with the increase in epochs. It should be noted that the loss functions in
the LSTM and Barlow Twins networks are not the same. As a result, we can compare trends between
the training and validation loss values but cannot make assumptions about the difference in performance

between the networks using this plot alone.

To assess how well the models perform in predicting each class, the classification precision, recall, and
Fl-scores per class are shown in Fig. 3.6. The LSTM network precision is between 60% and 98%
while recall is between 50% and 92% and Fl-score is between 57% and 92%. As for the Barlow Twins
network, the precision is between 71% and 98%, the recall is between 70% and 100% while the F1-score

is between 72% and 98%.
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Figure 3.4: Classification accuracy over epochs.
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Figure 3.6: Precision, recall, and F1-score.

3.6 Discussion

Table 3.2 indicates a large improvement in the Barlow Twins architecture compared to the original
LSTM architecture. The performance difference is most pronounced in the shorter durations of two
and three minutes. When classifying two minute light curves, Barlow Twins has a 75% accuracy which
is significantly more accurate than the LSTM with an accuracy of 66%. The accuracy increases with
the increase in the length of the light curve. There are multiple reasons for this occurrence. First, it
is more challenging for the network to determine the classes of shorter light curves correctly due to
the insufficient measurements needed for a full rotation of an RSO to occur. If an RSO is captured
for only half a revolution, then the light curves do not properly represent the brightness of all the
RSO’s faces which diminishes the performance of the classifier. Similarly, manually labelling light

curves of RSOs with low rotation frequency is more difficult. Consequently, a higher percentage of
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the shorter light curves are potentially mislabeled. Additionally, the smaller size of the five minute
dataset adds the possibility for the network to learn representations from the data more quickly and
effectively and runs the risk of over-fitting much more quickly. To prevent over-fitting, L2 regularization
is implemented in both the Barlow Twins network and the final classification layer. For all light curve
durations, the Barlow Twins network outperforms the LSTM architecture. This is attributed to the
redundancy reduction features of the Barlow Twins network where two augmentations are concurrently
used. Another reason for the improved performance of Barlow Twins is due to the self-supervised
approach to training the network with the supervised classification performed after the main network

has been trained and the weights are frozen.

Analyzing the accuracy and loss plots over epochs in Figs. 3.4 and 3.5 indicate that the Barlow Twin
network’s tendency to overfit the data is reduced as the duration of the light curve is increased while the
LSTM has a higher tendency to overfit the data with an increase in light curve duration. The LSTM’s
behavior is expected. As the length of the light curve increases, the size of the dataset decreases. As a
result, the network becomes more prone to overfitting. The Barlow Twins behaves in a counter-intuitive
manner where the larger dataset of shorter light curves has a larger generalization gap than the five
minute light curves. This can be attributed to the two minute light curves being harder to discern and
thus the network is more likely to memorize the inputs as opposed to learning from them efficiently.
For LSTM, the impact of the size of the dataset is more evident whereas for the Barlow Twins, the

main impact factor is the ease of extracting features which depends on the length of each light curve.

Fig. 3.6 indicates that the performance across the different classes is generally consistent with per-
formance on rocket bodies having the highest F1l-score across both networks in the three different
durations. Regarding the LSTM network, the F1-score increases with the increase in duration but this
is not true for precision and recall. For stable satellite classification, the two minute light curves result
in a slightly higher precision and much lower recall than the three minute light curves. This indicates
that the network is mis-classifying many stable satellites when using two minute light curves. Using

three minute light curves might allow the LSTM to better learn the characteristics of stable satellites.

As for the Barlow Twins network, there is an overall balance between the precision and recall values
across all classes with stable and tumbling satellites having a minor increase in precision over recall.
Rocket bodies have the opposite trend where the recall is higher than the precision. Despite the

increased performance of rocket body classification, there is slightly less precision than the stable and
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tumbling satellites. This indicates that the network mis-classifies some satellites as rocket bodies more
often than mis-classifying rocket bodies as satellites. Most satellite light curves tend to have unique
trends that are missing from rocket bodies so it is less likely for a rocket body to be labelled as a
satellite. However, satellite light curves, both stable and tumbling have more variation in their patterns
so some of the satellites could be mistaken as rocket bodies. When comparing the precision and recall
values of the different light curve durations, the difference becomes much less noticeable for the five
minute light curves. This is attributed to the same reasons for improved network performance where
the distinction across classes is much more pronounced for the five minute light curves. Furthermore,
there is roughly a 10% increase in precision, recall, and F1l-score between the two and three minute
light curves and between the three and five minute light curves. The longer the light curve, the more
information is captured and the easier it is to classify. Further improvements to the Barlow Twins
architecture will be made to improve the accuracy of the light curve classifier when using shorter light

curves.

3.7 Conclusion

In conclusion, a novel application of the Barlow Twins network has been demonstrated for short LEO
RSO light curve classification. This approach works with light curves as short as two minutes with an
accuracy of 75% while the technique demonstrates exceptional performance with the five minute light
curves at an accuracy of 97%. Although the algorithm is trained on augmentations, once the network is
trained, the test light curves are used directly without any augmentation. With an accuracy of 75%
for two minute inputs, improvements can be made for the algorithm to yield better performance using

short duration light curves.

Future work includes evaluating more complex augmentation approaches to extract light curves that
have more pronounced differences while ensuring the classification label remains consistent. Other work
includes adding a fourth classification category for debris. Additionally, the classification algorithm can
be used in the future to determine whether the RSOs labelled as “Unknown Satellites” are stable or
tumbling satellites. Lastly, other networks will be tested within the Barlow Twins instead of a ResNet,
such as an LSTM, transformer, and VAE. These approaches might allow for improved accuracy with

short light curves.
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Chapter 4

Understanding Light Curve
Classification Using eXplainable

Artificial Intelli

4.1 Introduction

In the previous two chapters, we investigated the application of SVM, LSTM, and Barlow Twins to
classify LEO RSO light curves. Each light curve is classified as a stable satellite, tumbling satellite, or
rocket body. The best performance results come from the Barlow Twins architecture with a ResNet
encoder, yielding accuracy values of 75%, 85%, and 97% for two, three, and five minute light curves,
respectively. While these results are promising, the "black box" nature of this model poses challenges
in understanding the underlying factors driving these classifications. Even though the network’s
performance has been quantitatively assessed using metrics such as accuracy, precision, recall, and
F1-score, there is a lack of a qualitative assessment linking these results back to the original light curves.
This includes understanding why certain cases succeed while others fail. This lack of transparency
impairs our ability to reliably interpret the network’s decisions [101], which is crucial for the proposed
light curve classifier to be effectively used by spacecraft operators. To address this, we integrated XAl

techniques into our framework. XAT provides tools and methodologies to visualize and quantify the ML
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model performance, highlighting the features and attributes influencing classification outcomes. By
leveraging XAI, we aim to identify the specific characteristics in light curves that the network associates
with stable satellites, tumbling satellites, or rocket bodies. Another potential approach to increasing our
understanding of the network is to perform a manual or analytical review of input-output relationships.
In the case of light curve classification, this includes observing the successful and failed classification
cases to see if a light curve needs certain features or trends for it to be successfully classified. While
manual assessment has the potential to provide useful insights, XAI methodologies will enable a deeper,

data-driven understanding of the network’s decision-making process.

4.2 Methodology

Many algorithms exist in the field of XAI. While most of these algorithms have been developed for
networks trained on images, they can also be applied to 1D time series classification. A survey of XAI
techniques for time series classification is provided in [102]. As per [102], there are many types of XAI
approaches and they can be categorized in different ways. XAI models can provide local and global
explanations. Local explanations clarify the network’s performance for specific inputs, while global
explanations provide an overall understanding of the network’s behavior. Another type of category is
post-hoc methods, which are model-independent, and ante-hoc methods, which are directly interpretable
models. XAI techniques can be model-specific, functioning only with certain models, or model-agnostic,
applicable to any classification network. For time series classification, the study in [102] categorizes XAI
approaches into three types. The first, time points-based methods, provide explanations for each point
in the data. The second, sub-sequence-based techniques, highlight unique features or characteristics in
parts of the time series data. Finally, instance-based methods analyze the full time series input, or in
this case, the entire light curve. Before selecting an XAl technique, we must first define the analysis or
results we expect to obtain. In this study, we aim to generate two key outputs to better understand
how the Barlow Twins network evaluates light curves, namely saliency maps and prototypes. Saliency
maps, derived from time point-based XAl approaches, overlay the input light curve with the weight or
importance of each element. These maps highlight which parts of the light curve the model focuses on
when making a decision, resulting in a plot with a color map that visualizes the features influencing
the classification. This helps clarify the model’s decision-making process. The second analysis focuses

on prototypes, which are produced using instance-based approaches. Prototype-based XAl analysis
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determines one sample per classification category (i.e., stable satellite, tumbling satellite, and rocket
body) that best represents the class. These prototypes provide a clear reference point for understanding

the criteria used by the model to classify different RSOs.

To obtain saliency maps and prototypes, several XAI approaches can be applied. Some methods
used to generate saliency maps include Gradient-weighted Class Activation Mapping (Grad-CAM),
Local Interpretable Model-agnostic Explanations (LIME), and SHapley Additive exPlanations (SHAP).
Grad-CAM was introduced by [103] for visualizing CNN image heatmaps by utilizing the gradients
from the last convolutional layer. It is a local, post-hoc, model-specific method that generates heatmaps
for each classification category. In this study, Grad-CAM will be used to generate saliency maps for the
Barlow Twins network, which is based on a ResNet architecture. A key advantage of Grad-CAM is that
it retains temporal information when applied to time series data, such as light curves, preserving the
sequence of brightness values. However, it is limited to CNN-based models. SHAP, first introduced in
[104], uses game theory to assign each feature in the network an importance score for each light curve
prediction. Although powerful, SHAP is computationally expensive, particularly for deep networks
[105]. As for LIME, it uses sparse linear models to approximate the network being studied [106]. Using
a sparse model where only a portion of the features are used at a time allows for model simplicity. By
introducing perturbations in the data, LIME can observe how these perturbations impact the linear
model. While simple, LIME struggles with complex models like deep networks, especially in time
series data where the relationship between different time steps is not properly considered in the local
structure created by LIME. Both SHAP and LIME are model-agnostic, local, and post-hoc methods,
but Grad-CAM was chosen for this study due to its ability to leverage network gradients and produce
detailed localization maps, making it a suitable method for complex networks. As a result, it does
not encounter the same limitations faced by SHAP and LIME. The saliency map from Grad-CAM
highlights the specific time steps that are most influential in the model’s decision-making process. By
interpreting these plots, we can identify which aspects of the light curve are critical for distinguishing

between stable satellites, tumbling satellites, and rocket bodies.

For prototype generation, K-means clustering will be implemented. This involves applying K-means to
obtain three clusters, with the most representative light curve from each cluster identified as the element
closest to the cluster center. K-means uses distance similarity to arrange clusters. While there are

many XAI approaches for prototype generation such as Dual Prototypical Shapelet Networks (DPSN)
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and Prototype Sequence Network (ProSeNet), K-means is chosen as a simple and efficient approach
for grouping the light curves using the scores from the trained network directly. K-means is a model

agnostic, post-hoc approach that provides a global instance-based explanation of the network.

4.3 Results

The results shown in this section are for two minute light curves. This duration is chosen to better
assess more challenging classification situations as longer duration light curves have higher classification
accuracy. Given that brightness is an inverted scale, where lower values indicate brighter objects, all
light curves shown in this section are plotted with an inverted y-axis such that a peak shows an increase
in brightness and a trough indicates a brightness decrease. For the two minute light curve classification,
595 stable satellites, 584 tumbling satellites, and 697 rocket bodies were correctly classified with those
categories. The stable and tumbling satellite classes each have 838 light curves and the rocket body

class has 839 light curves.

4.3.1 Grad-CAM

Grad-CAM is used to assess the network’s performance for both correctly classified and misclassified
light curves. By generating saliency plots of correct classifications, we can identify the features the
network is looking for to make accurate predictions. By studying misclassified instances, we gain a

deeper understanding of the reason for the misclassification.

4.3.1.1 Correctly Classified Light Curves

The Grad-CAM saliency plots will be grouped by the class of the input light curve. Figure 4.1 shows
the saliency plots for three example stable satellites for the stable satellite, tumbling satellite, and

rocket body classification layers.

The saliency map contains a color bar with an importance score at each measurement for each of the
three different classification layers. The resulting classification in the network represents the object
type with the highest importance scores throughout the light curve. The colors indicate the following:
grey values represent negligible importance, red indicates moderate importance and yellow indicates

very high importance scores. In the first example satellite, COSMO-SKYMED 4, the singular peak has
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Tumbling Satellite Stable Satellite

Rocket Body

COSMO-SKYMED 4 RESOURCESAT-2 RESOURCESAT-1

Catalog number: 37216 Catalog number: 37387 Catalog number: 28051

Classification Layer

(a) (b) ()

(a-c) Saliency map for stable satellite classification layer for three correctly classified stable satellites.

(d) () (f)

(d-f) Saliency map for tumbling satellite classification layer for three correctly classified stable satellites.

Classification Layer

Classification Layer

(8) (h) (i)

(g-1) Saliency map for rocket body classification layer for three correctly classified stable satellites.

Figure 4.1: Grad-CAM Saliency Map for three sample stable satellites.

a high importance score in the stable satellite classification with the tumbling satellite layer showing
some importance at the same peak but not at the same strength. On the contrary, the rocket body
layer shows relatively low scores across the light curve. For RESOURCESAT-1 and RESOURCESAT-2,
there is moderate importance across the light curves with some points of high importance when looking
at the stable satellite layer. For the tumbling satellite and rocket body layers, there is mostly negligible
importance with some small areas of moderate importance. This indicates that all three light curves will
be classified, correctly, as stable satellites. For COSMO-SKYMED 4, the reason for that classification

is the large increase in brightness at one point which is most likely due to reflection from the satellite’s
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Stable Satellite

Tumbling Satellite

Rocket Body

solar array. For RESOURCESAT-1 and RESOURCESAT-2, the presence of some peaks or troughs
that do not repeat result in the correct classification. The next type of light curve class to be studied is

a tumbling satellite. Figure 4.2 shows the Grad-CAM saliency map for three tumbling satellites.

TOPEX (POSEIDON) MIDAS 6 OPS 5721

Catalog number: 22076 Catalog number: 00574 Catalog number: 09415

Classification Layer

(a) (b) ()

(a-c) Saliency map for stable satellite classification layer for three correctly classified tumbling satellites.

Classification Layer

(d) () (f)

d-f) Saliency map for tumbling satellite classification layer for three correctly classified tumbling satellites.

—

Classification Layer

(8) (h) (i)

(g-1) Saliency map for rocket body classification layer for three correctly classified tumbling satellites.

Figure 4.2: Grad-CAM Saliency Map for three sample tumbling satellites.

Figure 4.2 shows moderate to high importance scores for the tumbling satellite class at the peaks and
troughs. The stable satellite and rocket body classes show moderate to weak scores throughout most of
the light curve. This classification clearly shows the distinctive features of the tumbling satellite class.
Multiple consecutive peaks with similar magnitude in a short period of time are a strong indicator of

tumbling satellites. Lastly, rocket body saliency maps are studied. Figure 4.3 show the Grad-CAM
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Tumbling Satellite Stable Satellite

Rocket Body

saliency maps for three sample rocket bodies.

SL-19 RB SL-8 RB (launched 1976) SL-8 RB (launched 1990)

Catalog number: 23440 Catalog number: 08924 Catalog number: 20509

Classification Layer

(a) (b) (c)

(a-c) Saliency map for stable satellite classification layer for three correctly classified rocket bodies.

Classification Layer

(d) () (f)

(d-f) Saliency map for tumbling satellite classification layer for three correctly classified rocket bodies.

Classification Layer

(8) (h) (i)

(g-1) Saliency map for rocket body classification layer for three correctly classified rocket bodies.

Figure 4.3: Grad-CAM Saliency Map for three sample rocket bodies.

The results for the rocket body classification are very different from the other two classes. While the
stable satellite and tumbling satellite saliency maps showed very high importance scores at certain
portions of the light curve, the rocket body saliency map almost always has a medium importance
for the true rocket body classification. Both stable satellite and tumbling satellite classification have
an almost zero importance score throughout most of the light curve with some areas with moderate
importance. While there are not as many regions with a very high importance score for the rocket

body layer, the score is relatively consistent and is much higher than the values for the stable and
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tumbling satellite classification layers. This might indicate that the network considers a rocket body
as representative of a “non-satellite” category such that it is neither a stable satellite nor a tumbling

satellite instead of relying on one particular feature.

4.3.1.2 Misclassified Light Curves

With the understanding gained through the assessment of correctly classified light curves, this section
will explore the misclassified light curves to observe instances where the network learns incorrect features
or the physical features of the RSO result in light curves that are not taken into consideration within
the network. The first set of light curves that will be assessed are misclassified stable satellites. Figure
4.4 shows two stable satellite light curves where one light curve is misclassified as a tumbling satellite

and the other is misclassified as a rocket body.

Figure 4.4 shows instances of misclassified stable satellites resulting due to unexpected trends or features
that the network has not learned. For the object classified as a tumbling satellite, there are different
types of peaks resulting from multiple different features or parts of the satellite. There seem to be three
main peaks most likely associated with reflection off KAZEOSAT 1’s three solar panels. Regarding the
light curve of LANDSAT 8 that is misclassified as a rocket body, the issue seems to occur due to the
lack of prominent peaks except for a very narrow peak with a significant brightness increase around
the end of the light curve that the network does not appropriately take into account. A small number
of prominent features is indicative of a rocket body. This results in the network having moderate
importance scores in the stable satellite layer with moderate to high scores across the rocket body layer.
The scores in the stable satellite layer are significant enough that the RSO would have been classified
correctly had the importance score of the rocket body layer been lower. The next sequence of saliency
plots that will be studied are those resulting from misclassified tumbling satellites as shown in Figure

4.5.

By visually assessing the light curve of TIROS N in Figure 4.5, the reason for misclassification becomes
apparent. The light curve does not show multiple peaks with similar magnitude in quick succession
which is typical of tumbling satellites. As for the light curve of GENESIS 2, it does indeed look like a
light curve belonging to the rocket body. The almost linear decrease in brightness with few distinct
peaks are representative of rocket body light curves. This situation indicates a configuration that is not

represented in most tumbling satellite light curves. This occurs because GENESIS 2 is cylindrical in
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Tumbling Satellite Stable Satellite

Rocket Body

Classification Layer Classification Layer

Classification Layer

KAZEOSAT 1
Catalog number: 39731
Predicted Class: Tumbling Satellite

(a) Stable satellite classification layer saliency map for a
sﬁable satellite labelled as a tumbling satellite.

(¢) Tumbling satellite classification layer saliency map for
satellite labelled as a tumbling satellite.

(e) Rocket body classification layer saliency map for a
stable satellite labelled as a tumbling satellite.

LANDSAT 8
Catalog number: 39084
Predicted Class: Rocket Body

(b) Stable satellite classification layer saliency map for a
siable satellite labelled as a rocket body.

(d) Tumbling satellite classification layer saliency map
fgr ble satellite labelled as a rocket body.

(f) Rocket body classification layer saliency map for a
stable satellite labelled as a rocket body.

Figure 4.4: Grad-CAM Saliency Map for two misclassified stable satellites.

shape similar to a rocket body. The last type of misclassified light curves represents those of rocket

bodies that have been classified as either stable or tumbling satellites. Figure 4.6 shows saliency plots

for misclassified rocket body light curves.

Figure 4.6 shows two examples of misclassified rocket body light curves. Both light curves are atypical

for rocket bodies. For SL-3 RB that has been misclassified as a stable satellite, the light curve has

one large and wide trough at the beginning followed by a smaller and narrower peak at the end. This

pattern is common for stable satellites where there are peaks or glints but there is no repetition. There

is no consistent increase or decrease with brightness that is typically associated with rocket body light
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Tumbling Satellite Stable Satellite

Rocket Body

TIROS N GENESIS 2
Catalog number: 11060 Catalog number: 31789
Predicted Class: Stable Satellite Predicted Class: Rocket Body

Classification Layer

(a) Stable satellite classification layer saliency map for a  (b) Stable satellite classification layer saliency map for a
tumbling satellite labelled as a stable satellite. tumbling satellite labelled as a rocket body.

Classification Layer

(c¢) Tumbling satellite classification layer saliency map for (d) Tumbling satellite classification layer saliency map
a tumbling satellite labelled as a stable satellitg. for a tumbling satellite labelled as a rocket bod_y.

Classification Layer

(e) Rocket body classification layer saliency map for a (f) Rocket body classification layer saliency map for a
tumbling satellite labelled as a stable satellite. tumbling satellite labelled as a rocket body.

Figure 4.5: Grad-CAM Saliency Map for two misclassified tumbling satellites.

curves. A similar situation occurs for SL-14 RB that has been misclassified as a tumbling satellite. The
saliency plot shows moderate to high importance scores in the tumbling satellite layer near the troughs.
The light curve has multiple repetitive peaks which are typically associated with tumbling satellite light

curves.

4.3.2 K-means

To compliment our understanding of the Barlow Twins network, prototypes generated from K-means

are generated. These are the most representative samples of each class. Figure 4.7 shows prototypes of
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Tumbling Satellite Stable Satellite

Rocket Body

Classification Layer Classification Layer

Classification Layer

SL-3 RB
Catalog number: 11166
Predicted Class: Stable Satellite

(a) Stable satellite classification layer saliency map for a
rﬁcket body labelled as a stable satellite.

(¢) Tumbling satellite classification layer saliency map for
body labelled as a stable satellite.

(e) Rocket body classification layer saliency map for a
rocket body labelled as a stable satellite.

SL-14 RB
Catalog number: 18340
Predicted Class: Tumbling Satellite

(b) Stable satellite classification layer saliency map for a
rocket body labelled as a tumbling satellite.

(d) Tumbling satellite classification layer saliency map
for a rocket body labelled as a tumbling satellii

(f) Rocket body classification layer saliency map for a
rocket body labelled as a tumbling satellite.

Figure 4.6: Grad-CAM Saliency Map for two misclassified rocket bodies.

a stable satellite, tumbling satellite, and rocket body as determined by K-means clustering.

Figure 4.7 shows representative samples of a stable satellite, tumbling satellite, and a rocket body. The

results match the understanding gained from the saliency map study. Stable satellites have few sparse

peaks and troughs. The peaks are mostly due to reflections from different spacecraft components such

as solar panels and antennas. Tumbling satellites have many peaks in succession, which occur due to

the quick rotation of the spacecraft. Rocket bodies have no definitive pattern but instead, typically

show an almost linear increase or decrease in brightness. These results show examples of the light

curves that best represent each category. The results are insensitive to time direction but are sensitive

58



Normalized Value

Prototype for Class 0 Prototype for Class 1

Normalized Value

o 200 400 600 800 1000 1200 o 200 400 600 800 1000 1200
Timesteps Timesteps

(a) Stable Satellite (b) Tumbling Satellite
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(c¢) Rocket Body

Figure 4.7: Light curve prototypes as determined by K-means clustering.

to cropping and rotation rate as the magnitude of the largest peaks would change.

4.4 Future Improvements to Barlow Twins

The information provided by XAI highlights which part of the light curve is most significant for
classification. Through the use of Grad-CAM and K-means, a better understanding of the defining
features of each of the three light curve classes was provided, which will provide the user with more
knowledge to allow for label verification. By studying the misclassified light curve instances using
Grad-CAM, we get a better understanding of the gaps in the network and the collected data. XAI
is used to increase the confidence and trustworthiness of the Barlow Twins classifier. By combining
quantative metrics such as accuracy with a better network understanding using XAI, the reliability of
the network improves as we can combine the classification results with specific features on the light
curve that influenced the classifier.

There are other ways to implement XAI beyond what was described in this chapter. First, XAI can
be used to improve augmentation strategies. By using Grad-CAM to assess the importance scores of
different parts of the light curve, the user can make an informed decision on which augmentations

are useful and which negatively impact the Barlow Twins performance. Additionally, XAI can allow
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for improvements to the network architecture. By testing different architectures and examining the
respective Grad-CAM plots, a better understanding of the strengths and weaknesses of the different

approaches can be utilized to build a robust network.

4.5 Conclusion

In conclusion, this study demonstrates the application of XAl techniques to the Barlow Twins light
curve classification for two minute light curves. A saliency plot is generated with Grad-CAM that
provided a clear understanding of what features each classification category is looking for to assign a
high classification score in that category. Grad-CAM proved to be instrumental in revealing insights
from both successful and failed classification cases. For successful cases, it highlighted the critical
features of light curves essential for accurate classification. In contrast, by examining failed instances,
we gain a deeper understanding of scenarios where the light curves of one class could appear similar to
those of another class (such as the SL-14 RB light curve appearing similar to a tumbling satellite light
curve). These findings also revealed the network’s limitations, guiding where improvement can be made.
Further, the results from Grad-CAM are solidified with prototypes generated from K-means clustering

that show representative samples from each class.

Grad-CAM and K-means offer distinct methods for explaining the performance of ML models, each
providing valuable, yet different insights. Grad-CAM results in saliency maps for each classification
layer per input light curve and K-means results in a single sample prototype per class that is the most
representative light curve from each of the three classes. While it is not possible to perform a direct
comparison between the two approaches, both techniques offer unique insights into the performance
of the network and the light curve characteristics that are most useful for classification. The results
from both approaches compliment each other where the features from each prototype determined by
K-means follows the same trends as the features highlighted through the Grad-CAM saliency maps.
In summary, the light curves of stable satellites exhibit a few sparse peaks with minimal repetition
indicative of stable behavior, where only a few rotations occur per light curve. Tumbling satellites, on
the other hand, show multiple consecutive peaks. Rocket bodies tend to display light curves without
noticeably prominent peaks, instead showing a gradual increase or decrease in brightness, often in an

almost linear pattern.
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By enhancing interpretability through XAI, we aim to not only validate the Barlow Twin model’s
quantitative performance metrics, but also establish a qualitative link back to the original light curves.
Gaining a full understanding of what the light curve classifier is looking for in the input will enable
spacecraft operators to extract actionable insights. This approach will facilitate informed decision-making

and improve operational reliability in classifying LEO RSOs.
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PART II: SSA Camera Sensitivity &

Simulation Study

For effective SSA that requires frequent monitoring of specific RSOs, space-based imaging is essential.
While high spatial resolution cameras are commonly used for performing SSA studies, there is a growing
interest in using low spatial resolution imagers due to the lower cost and commercial availability of such
cameras. Additionally, a large number of these cameras already exist in orbit, such as star trackers.
Although typically used for attitude determination, these cameras can also be employed for RSO

observations and light curve extraction.

In this part, we describe two key areas where new contributions have been made to enable SSA missions
using low spatialresolution cameras. The first contribution is a detectability analysis of different cameras
for SSA, that was conducted during mission planning. The second contribution focuses on mission
operations, specifically the use of simulated images for prediction. In our discussion of prediction

algorithms, we examined a unique observation mode: anti-sun pointing.

Chapter 5 is based on the research collaboration with Magellan Aerospace Corporation to support the
ongoing Redwing Mission. Redwing is Canada’s next generation SSA microsatellite mission that will
be launched in 2026 as a follow-up to Sapphire and NEOSSat. Redwing will perform RSO tracking
and near real-time tasking [107]. Results presented herewith are based on a related trade study for a
hypothetical photometric SSA mission. The chapter is based on the following publication: R. Qashoa
et al., “Wide Field of View (FOV) Imagers for Co-Orbiting Object Detection,” in The Advanced
Maui Optical and Space Surveillance Technologies (AMOS) Conference, 2024. [Online]. Available:
https://amostech.com/TechnicalPapers/2024/Space-Based-Assets/Qashoa.pdf. The chapter
focuses on the FAI, PCO, and IDS cameras. The PCO was flown on the Resident Space Object
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Near-Space Astrometric Research (RSONAR), and both PCO and IDS were flown on the RSONAR
IT stratospheric balloon missions (more details on the mission are in [11]). The analysis in Chapter 5
is one of the earliest steps performed in planning a mission as it allows us to assess the capability of

different optical cameras in observing RSOs.

Chapter 6 is based on a collaboration with Magellan Aerospace Corporation, C-CORE, and their
partners under the Special Processes and Advanced Computing Environment for Detection, Unambiguity,
Surveying, and Tracking (SPACEDUST), and is based on the paper R. Qashoa et al., “RSO Simulations
with Anti-Sun Pointing Predictions,” in The Advanced Maui Optical and Space Surveillance Technologies
(AMOS) Conference, 2023. [Online|. Available: https://amostech.com/TechnicalPapers/2023/
Poster/Qashoa.pdf. This chapter introduces the concept of applying anti-sun pointing in an RSO
optical image simulator to be able to perform predictions of what FAI will be observing, given that it is
currently oriented anti-sun. Such configuration is favorable for photometric analysis, so this simulation
environment can be used for photometric mission simulations where the observing spacecraft is oriented
anti-sun. Simulations allow us to better understand what objects will be in the FOV of the observer,
which in turn allows us to focus on specified targets that are expected to yield the best light curves, or

those that are expected to be tumbling the most.

Analysis presented in Chapter 7 is also from work on SPACEDUST. The work presented in this chapter
is currently under review as R. Qashoa et al., “Demonstration of RSO Simulation, Prediction and
Detection Using a Low-Resolution Imager in Anti-Sun Pointing,” Advances in Space Research, Under
Review 2024. This work is a follow up to Chapter 6 and presents the use of RSO predictions in anti-sun
pointing as part of a larger SSA operations loop starting with predictions and ending with real-image
validation. A pipeline like this one will be extremely beneficial for future SSA missions as we can better

build a photometric payload with more advanced prediction and analysis tools.

In comparison to light curve analysis presented in Part I of this dissertation, the work described in this

part has the following differences:

1. Represents an industry application
2. Studies space-based observation

3. Demonstrates one part of performing astrometric analysis with images

The contributions of this part are as follows:
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1. Developed an analysis pipeline for optical camera detectability analysis for co-orbiting objects

which includes the analysis of host-target locations as well as brightness of different cameras.

2. Proved the viability of using simulations to predict target locations ahead of time implemented a

specified pointing mode to enable RSO simulations.

While the work has been published in collaboration with industry partners, the contributions presented
above are the sole work of Randa Qashoa. Research partners specified the mission parameters for the
Redwing mission and provided the specific image timestamps for these studies but the methodology is

the original work of Randa Qashoa.
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Chapter 5

Wide FOV Imagers for Co-Orbiting

Object Detection

Abstract

Space-based optical systems are powerful tools for providing SSA and Space Domain Awareness (SDA) as
they are not limited by weather or by fixed geographic location. As part of Canada’s new microsatellite
SDA mission, named Redwing, a wide field imaging capability will be employed for both proximity
and co-orbital awareness around Redwing’s LEO. Repeated close-range observations of “co-orbiting”
objects are highly valuable for accurate orbit determination, as well as assessment of collision risk for
the host platform. Co-orbiting objects present a geometric challenge in observation, however, in that
the look angles can vary rapidly during close approaches [108]. In addition to co-orbital objects, the
increasing congestion in LEO is giving rise to many objects in near-coplanar orbits of different altitudes.
A method to survey coplanar and co-orbital space objects is somewhat underdeveloped and observability
issues are weakly addressed. As many optical space surveillance cameras’ targets are often viewed at
ranges greater than 1000 km, a technology and concept of operations gap exists when performing space
surveillance on objects at ranges less than 250 km from the host camera in space.

A variety of different imaging options are utilized for RSO detection. To have an awareness of as many
RSOs near the host platform as possible, as opposed to having a more detailed view of a smaller portion

of the sky, wide FOV systems are used. These can be dedicated cameras for RSO detection, or they

65



could be cameras developed for other purposes, such as star trackers that are used in a dual-purpose
fashion. Even though wide FOV cameras tend to have smaller apertures and therefore do not have
the faint magnitude detection capability of large-aperture / narrow-FOV systems, the ability to study
larger volumes of nearby sky is highly desirable for the co-orbital tracking application. There are in
fact many examples of using wide FOV systems for SSA, including projects that the authors have
previously participated in. For example, in [12] CASSIOPE’s FAT has been used for RSO detection,
while in [11], the PCO Panda 4.2 and the UI-3370CP-M-GL IDS were used to capture starfield images
from a stratospheric balloon platform at about 40 km in altitude.

The goal of this study is to compare different small-aperture / wide FOV cameras by assessing their RSO
detection limits. This includes finding the number of detectable co-orbiting RSOs that regularly pass
within 250 km of the observer, the expected brightness of detected RSOs, as well as other supporting
statistics. When designing an SSA mission, choosing the correct camera is a challenging task but one
with important consequences on achieving mission goals. By comparing the performance of different
cameras in RSO detection performance, we can determine which cameras would best accomplish mission
objectives.

To perform this analysis, an algorithm was developed to model the orbit of the observing platform along
with orbits of potential nearby RSOs in the sky around it. Then the brightness and Signal-to-Noise Ratio
(SNR) for different cameras are calculated to determine the detection capabilities for these cameras.
For this study, a comparison between three cameras is made. The cameras chosen for the comparison
are the FAI, the PCO Panda 4.2, and UI-3370CP-M-GL IDS cameras. All three of these cameras
have been used for SSA purposes in previous research, and have well-established optical characteristics,
which make them ideal candidates for this study. A crucial extension to this, which is examined at a
preliminary level, is the use of repeat observations by these wide FOV cameras during close approaches
to obtain useful orbit knowledge.

This analysis is being performed with an eye to using low-cost, off-the-shelf, and dual-purposed cameras
to provide SSA across multiple distributed platforms, including non-SSA missions. The authors are
performing proximity analysis for the Redwing mission, so this research is being applied to dedicated

SSA/SDA mission development as well as being a general camera trade study.
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5.1 Introduction

Within the space community, there has recently been a growing interest in the fields of SSA and SDA.
SSA and SDA focus on understanding RSOs, such as satellites, rocket bodies, and debris that are
orbiting the Earth by detecting, tracking, and identifying the RSOs orbiting near our satellites of
interest. There are many different approaches to tackle SSA and SDA and one of the most promising
ones is developing SSA satelllites with optical systems. In our previous studies, we determined the
feasibility of using low spatial resolution wide FOV cameras, such as star trackers, for RSO detection.
As a technology demonstration for a future SSA mission, we launched two payloads on stratospheric
balloons in 2022 and 2023 to test the capability of different cameras for RSO detection. As demonstrated
in [11], the UI-3370CP-M-GL IDS and the PCO Panda 4.2 (in [11, 109]) were able to successfully
capture RSOs under near-space observation environments. Additionally, in [12], we demonstrated the
use of the FAI which is a camera onboard the CASSIOPE for RSO detection. Given that we verified
that all three cameras are capable of capturing RSOs, we chose these cameras for the analysis presented
in this study. The main camera parameters for the FAI, PCO, and IDS cameras are provided in Table

5.1.

When designing a space mission, selecting the appropriate payload to mission objectives is of great
importance. When it comes to SSA missions where the main function of the optical camera is to capture
as many nearby RSOs as possible, it becomes difficult to assess which camera would be sufficient for
the mission. Most star tracker datasheets do not provide direct values for SNR and visual magnitude
detectability limits. As a result, there is a need to properly analyze the available parameters of different
SSA cameras to determine the capability of each camera in co-orbiting RSO detection. This study
demonstrates a detectability analysis that is used to compare and determine the capabilities of the FAI,
PCO, and IDS cameras to observe nearby co-orbiting objects. We are currently working on Canada’s
next generation SSA mission, named Redwing, and are implementing a similar analysis for selecting the

appropriate hardware for the mission.

5.2 Methodology

In this section, we explore the parameters used in defining the study as well as an explanation of the

SNR calculation needed to determine the detectability of objects.
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Table 5.1: Camera parameter comparison between the FAI, PCO, and IDS cameras.

Name Type Spatial Pixel Focal FOV Average Aperture
Resolu- Pitch | Length | (degrees) Angular Diameter
tion (pm) (m) Resolution (mm)
Per Pixel
(deg/pixel)
FAI Charge-Coupled | 256 x 256 26 0.0136 26 0.102 17.25

Device (CCD)

PCO Panda Scientific 2048 x 6.5 0.025 29.6 0.014 57
4.2 Complementary 2048
Metal Oxide

Semiconductor

(sCMOS)

UI-3370CP- | Complementary 2048 x 5.5 0.016 41 0.02 15.93
M-GL IDS Metal Oxide 2048
Semiconductor

(CMOS)
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5.2.1 Study Parameters

For this analysis, multiple parameters are defined that are adjusted to accommodate different mission
scenarios. Firstly, the orbit of the host or observer RSO is defined. In this study, we are using
CASSIOPE’s orbital parameters on March 21, 2023 as obtained by its Two-Line Elements (TLEs). In
this study, as well as for the Redwing microsatellite mission, we are focusing on co-orbiting objects given
the challenge in observing them due to the quickly changing look angles that occur due to the difficulty
of using angles-only measurements in proximity operations as mentioned in [108]. These measurements
also do not have enough parallax for accurate range determination, which makes orbital estimation
more challenging. The orbital parameters for the host as well as the variation range of each parameter
for a co-orbiting object are provided in Table 5.2. The parameters were varied according to a normal
distribution.

Table 5.2: Host and target orbital parameters.

Orbit Element Host (CASSIOPE) Orbit | three-Sigma Variation Relative To Host
Semimajor Axis 7115.7 km + 100 km
Eccentricity 0.0584161 < 0.015
Inclination 80.9642° +1°
RAAN 332.1° +3°
Argument of Perigee 213.1° 0° to 360°
True Anomaly 147.7° 0° to 360°

When performing alternative studies, the amount of variation to define a co-orbiting object does not
need to be adjusted unless the host orbit has a large eccentricity. The only change would be in the host
orbital parameters. Following the orbital parameters, the other parameters that impact the study are
the duration of the study window, the threshold distance to assign an RSO as a co-orbiting object, the
SNR threshold for detectability, and the diameter of the target object. The values of these parameters

that are utilized in this study are in Table 5.3.

As per Table 5.3, the orbit of the host and the surrounding targets are propagated for one day. While
using the orbital parameter range in Table 5.2 generates co-orbiting objects, this study focuses on very
close approaching targets within 250 km of the observer RSO. This threshold was chosen to focus this

study on nearby object surveillance. Given that we are looking for the detectability limits of each
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Table 5.3: List of detectability analysis parameters.

Analysis Parameters Value
Orbit propagation duration 1 day
Number of generated targets 100
Maximum host to target distance 250 km
Minimum SNR 6
Diameter of target RSO 20 cm
Background visual magnitude 20 per square arcsec

camera, the study focuses on small 20 cm diameter targets such as debris and cubesats. A minimum
SNR of six allows us to ensure a true detection. All these parameters are interchangeable for future

mission studies where the analysis requirements differ from this study.

5.2.2 Determining Camera Detectability

This section explains the steps taken to determine the number of detected objects for each camera. The
first step is to calculate the position vector for the host using the orbital parameters in Table 5.2 for
the full propagation duration, which is set to one day in this study. The next step is to generate the
orbits for the 100 surrounding targets. A normal distribution is implemented where the mean is the
original host’s orbital parameters and three standard deviations is the variation relative to host as per
Table 5.2. The only exceptions to this are the argument of perigee and the true anomaly which are
randomly assigned values between zero and 360 degrees. Using the co-orbiting orbital parameters, a set
of position vectors are generated for each of the 100 targets. Following that, the host to target distance
is calculated and all objects further than 250 km are excluded from the rest of the study. The list of
target position vectors and distances to host spacecraft is then saved to ensure consistency when testing

the different camera parameters.

With the orbital information known, the detectability analysis can be performed. There are two different
analyses performed. The first analysis is to determine the impact of integration time on the number of
detected RSOs from the selected cameras: FAI, PCO, and IDS. The second, more detailed analysis
focuses on the value of object visual magnitude and SNR at the target RSO’s entry, exit, minimum rate,

and minimum distance points. Regardless of which analysis is performed, the main values to calculate
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are the visual magnitude and SNR. Equation 5.1 based on the equation in [110] is used to calculate the

solar phase angle and Equations 5.2- 5.3 from [111] are used to calculate the visual magnitude.
® =7 — cos ' ([Ftarget—ECI — Thost—ECI) * T'sun—ECI) (5.1)

2
32

F(®) = ( ) (7 — ®)cos® + sin®] (5.2)

pAmT'g@tF(@) (5.3)

Mobj = Meun — 2.5l0g ( R

In Equations 5.1 - 5.3, @ is the solar phase angle which is the angle between the direction of the target
to the sun and the target to the host RSO as shown in Figure 5.1 from [110]. The phase angle is
calculated using the dot product of the target position as measured from the observer in the Earth
Centered Inertial (ECI) frame and the sun’s ECI position vector. The 7 factor is included due to the
position being described in the host frame. While phase angle was originally used in astronomy for
calculating values for objects at far distances, a similar formulation is applied to RSOs in which the
target and host are at much smaller distances to each other. F'(®) is a function relating the illumination
phase angle to the fraction of light reflected. This function is typically a combination of specular and
diffuse reflection. Given that the focus of this study is on the position of RSOs, a spherical RSO has
been assumed and through testing we have determined that specular reflection results in negligible
impact to the SNR so only diffuse reflection is applied which results in Equation 5.2 from [111]. If
the study was focused on finding the best camera for a photometric mission, a more in-depth visual
magnitude calculation would have been included. m,y; is the visual magnitude of the target and mgysy
is the visual magnitude of the sun which is -26.74. p is the target RSO’s diffuse reflectivity which is
assumed to be 0.2 in this study as per [31] . Ajarges is the area of the target which is 7d3,, /4 for
a spherical object where diqrqe: is the target RSO’s diameter. Lastly, R is the range or the distance

between the target and the RSO.

Using the visual magnitude, the number of signal photoelectrons are calculated using the equations

presented in [112] which are reproduced in Equations 5.4 and 5.5.
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Phase angle

Figure 5.1: Phase Angle Diagram. Source: [110]

Erso = 5.6 x 1010 x 107 0-4meb; (5.4)

es = Qe X T X A X Epgo X tsignal (55)

In Equations 5.4 and 5.5, Erso is the photon irradiance in ph/s/m?, Q. is the camera’s quantum
efficiency, 7 is the optical transmittance, A is the aperture area which is calculated as %. The
equation for signal provided in [112] also adds an atmospheric transmittance factor but this is assigned
to be one in this study since we are assessing a space-based observer as opposed to a ground-based
observer. tgignas refers to the signal integration time which has a maximum value equal to the camera’s
selected integration time. In practice, integration time is usually less than this maximum value as a
target with an angular rate relative to the camera will be within the camera’s FOV for a limited period.

The system integration time is calculated using Equations 5.6 and 5.7.

Pixel Pitch

pivel FocalLength (5.6)
0 iTe
tsignal = Minimum ( pw l,t> (5.7)

In Equations 5.6 and 5.7, 0p;5¢; is the instantaneous FOV which is calculated using a camera’s pixel

pitch and focal length. w is the angular rate of the target and ¢ is the camera integration time.

With the signal value calculated, the remaining value needed for the SNR is the background noise.

Equations 5.8 and 5.9 from [112] are used to calculate the background noise.
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Table 5.4: Noise parameter comparison between the FAI, PCO, and IDS cameras.

Name epc(electron/pizel [ second) en(electron/pizel)
FAI 529 10
PCO Panda 15 2.3
4.2
UI-3370CP- 3 30
M-GL IDS
10 —0.4M 180\ * 2
Ly = 5.6 x 1010 x 107%4M> 5 (=2} 3600 (5.8)
7r
e =Qe X T X Ly x Ax 605, xt (5.9)

In Equations 5.8 and 5.9, L; is the background signature in ph/sec/m?/sr, My is the background visual
magnitude per square arcsec. The value of Mj includes sky brightness as well as stray light from any
other sources that would impact the analysis, and e, is the number of background photoelectrons. The
values for e, is the same across all timesteps for each camera in this study. With the signal and noise

functions, the SNR is calculated as per Equation 5.10 based on the equation in [112].

€s

SNR =
\/eb—i-e%—i— (epc X t)

(5.10)

In calculating the SNR in Equation 5.10, three sources of noise are considered: the background noise e,
read noise e, and the dark current noise epc. In [112], dark current is not taken into consideration.
We have taken dark current into consideration in this study due to studying a space-based observer,
which encounters more extreme temperatures, as opposed to a ground-based observer. The values

assumed for each camera for e, and epc are in Table 5.4.
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5.3 Results

This section shows the results of performing the analysis as explained in Section 5.2. The first step is to
propagate the host’s (CASSIOPE’s) orbit and to generate 100 random co-orbiting objects as per the
orbital parameters listed in Table 5.2. These parameters were varied according to a normal distribution,
with the values in Table 5.2 representing the mean, in the first column, and a three-sigma variation, in
the second column. Out of 100 randomly distributed targets, 13 RSOs have instances where they are
within 250 km of the observer with a total of 25 close approaches for a span of one day. Fig. 5.2 shows

a semi-log plot of the host to target distance over the one day scenario for the 100 generated targets.

Host-Object Distance vs Time

Distance (k

— — — 250 km threshold

0 500 1000 1500
Time (min)

Figure 5.2: Plot of host to target distance for 100 randomly generated co-orbiting objects for one day.

Fig. 5.3 shows the directions of the close approaching targets with regards to the host’s orbit. From
Fig. 5.3, most close approaching targets are near the host orbit’s normal or anti-normal vector. If we
are planning a mission and deciding on where to aim the camera to best detect nearby RSOs, in this
particular case, aiming it such that the FOV is along the orbit’s normal or 180 degrees from the orbit
normal vector ensures that most nearby objects would be visible. This is only concerning the geometry

of the orbits as we have not yet assessed the detection capabilities of the different cameras.

With the host to target orbits understood, the next part is to determine how well each of our three
cameras, the FAI, PCO, and IDS are capable of detecting nearby RSOs. Most cameras allow the user
to choose from a range of different integration times. Fig. 5.4 shows the impact of integration time on
the number of detected RSO sequences for each of the three cameras. As noted in Table 5.3, an RSO is

considered to be detected if it is observed with a minimum SNR of six.

74



w App 3
_~0bj, E\PP

05 oby 18 \
op{aa sopg 4 OWT‘?P%E 1

1 omar f\pp 1 |+ !
\ : f f‘-

o
/ fom T\App"l

( [
0.5 f !
1 l

/ "1" @/

bDIB Appdhj 53/

Grbit Normal

Zenith

R Velocity

Figure 5.3: Directions of close approaching targets within the host’s orbit.

From Fig. 5.4, we determine that the PCO performs best for detection followed by the FAI and then the
IDS camera. For the PCO camera, the number of detected close approaches decreases as the integration
time increases with a maximum detection rate for integration times less than or equal 500 milliseconds.
For the FAI, the number of detected objects first increases and then decreases with integration time
with a maximum detection rate at integration times of 700 - 800 milliseconds. For the IDS camera, the
detection rate remains stable until an integration time of about 5.5 seconds where it begins to decrease.
The impact of integration time is different for the different cameras due to a combination of two factors.
First, an increase in integration time increases the number of received photons in the detector which
would increase the SNR but this effect is countered by the fact that the increase in integration time
increases the length of the RSO streak. This in turn increases the impact of noise that subsequently
reduces the SNR. In most cases, the streaking causes a reduction in the SNR with the exception of FAI
for integration times up to 800 milliseconds where the increasing photon count supersedes the impact of

the additional noise.

The last analysis considers the distance, visual magnitude and SNR for the close approaching targets
at four points in each sequence: the entry, exit, minimum rate, and minimum distance points. The

entry and exit points are studied as they represent the beginning an end of each sequence. The point
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Figure 5.4: Impact of integration time on the number of detected close approaches for FAI, PCO, and IDS.

of minimum angular rate is studied due to the reduced host to target relative motion. This means
the target may be detected more easily. Lastly, the minimum distance point is studied as the reduced
distance is expected to increase the brightness of the observed target. Tables for all values used in the
analysis are in Appendix A. Figure 5.5 shows a histogram of the host to target distance for every close
approach.

While the distances at the entry, exit, and minimum rate points are close to 250 km, the minimum
distance is typically much smaller. It is less than 100 km in multiple instances. Figure 5.6 shows the
histograms of the visual magnitude for each target’s approach at the entry, exit, minimum rate, and
minimum distance points.

The exit point has the lowest number of bright objects while the minimum distance point has the largest
number of bright objects. To determine how well target approaches are observed from the host RSO,

Figures 5.7 - 5.9 show the SNR histograms for each camera at an integration time of 100 milliseconds.

The first bin in all the SNR figures is for the non-detectable objects with SNR less than six, The best
SNR results occur when the PCO camera is used for observation followed by the FAI and IDS cameras.
The large aperture and small pixel pitch allows the PCO to detect RSOs with better quality than the

other two cameras.
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Figure 5.5: Histogram of host to target distances

5.4 Conclusions

In conclusion, this study presents a pre-mission detectability analysis to allow mission developers to
assess the capabilities of different cameras for a particular mission. This analysis studied the orbit of
the CASSIOPE satellite to compare the performance of three cameras in detecting small and nearby
RSOs. The analysis considered multiple factors which are the camera orientation, integration time, and
the SNR of the targets. Using the directions of potential close approaches, we determined that aligning
the camera with the orbit normal or anti-normal frame would result in the most detections. The plot of
target entry directions highlights the importance of choosing the correct camera orientation as not all
orientations are as densely populated with targets as the normal or anti-normal frames. When looking
at integration times, the PCO camera outperformed the FAI and IDS in the number of detected RSOs.
The best performance of the PCO is at integration times below 500 milliseconds. When comparing

the SNR of different targets, the PCO camera again outperforms the other two cameras. This analysis

7



=
~ o > ~

Number of Approaches
©

Number of Approaches

N

6 7 8 9 10 " 12 13 14 15 g 8 9 10 1" 12
Entry Point Visual Magnitude Exit Point Visual Magnitude
(a) Entry (b) Exit

Number of Approaches
Number of Approaches

6 7 8 9 10 1" 12 13 14 15 4 6 8 10 12 14
Minimum Rate Point Visual Magnitude Minimum Distance Point Visual Magnitude
(c) Minimum Rate (d) Minimum Distance

Figure 5.6: Histogram of target visual magnitudes

can be extended to other missions using the provided equations. Future work includes combining
this analysis tool with TLEs of actual targets. At the moment, a series of 100 randomly generated
co-orbiting objects was generated. This is to be expanded to add the option for propagating all RSOs
with available TLEs to determine which RSOs would truly be co-orbiting to determine how often it

happens and if there are any other trends of interest.

While this study focused on SNR as the metric for finding the optimal camera, future studies can look
into optimize one or more different parameters such as phase angle, average duration of observation,
brightness, etc. SNR was chosen in this study to best align with the purpose of this hypothetical

mission, which is to observe co-orbiting RSOs within 250 km.

78



Number of Approaches

Number of Approaches

0 100 200 300 400 500
Entry Point SNR (PCO)
(a) Entry

0 100 200 300 400 500
Minimum Rate Point SNR (PCO)

(¢) Minimum Rate

Number of Approaches

Number of Approaches

50 100 150 200 250 300
Exit Point SNR (PCO)

(b) Exit

0

500 1000 1500 2000 2500 3000 3500 4000 4500
Minimum Distance Point SNR (PCO)

(d) Minimum Distance

Figure 5.7: Histogram of PCO SNR values
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Figure 5.8: Histogram of FAI SNR values
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Figure 5.9: Histogram of IDS SNR values
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Chapter 6

RSO Simulations with Anti-Sun

Pointing Predictions

Abstract

A major component of SSA is the ability to predict, track and identify RSOs in orbit. High fidelity
RSO simulators are a critical tool in developing RSO tracking and detection algorithms to generate
simulated star field images with accurate representation of RSOs. RSO characteristics such as position,
velocity, ete. are calculated from TLEs, Orbital Mean-Elements Message (OMM), or ephemeris data.
Most RSO simulators used in today’s SSA studies (including [31], developed in our research team) lack
pre-built attitude profiles of the host observer, which is needed to determine the camera’s boresight, or
pointing direction. In this study, we present improvements to the simulator to include a wider range
of inputs for the attitude information. Specifically, by introducing a known pointing profile for the

satellite we can make more accurate predictions of the RSO’s position and velocity.

In exploring the addition of a known pointing profile to the simulator in cases where attitude information
is lacking, we additionally limit ourselves to wide FOV and low spatial resolution cameras, akin to the
ones used in star trackers, although the simulator can support high spatial resolution image generation
as well. We limit the study to wide FOV cameras due to their ability to detect more RSOs. Images

from CASSIOPE’s FAI camera were chosen due to similar camera parameters to star trackers and the
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availability of public ephemeris files that we can use to generate even more realistic simulations for
comparison. With the ephemeris and attitude information, it is possible to extract the exact boresight
vector for the camera for every timestamp being studied. The FAT is currently locked in an anti-sun
pointing mode due to a recent issue with CASSIOPE’s reaction wheels [113] making it an ideal candidate
for this study. An anti-sun pointing mode was implemented within the simulator and simulated images

from ephemeris files will be used as validation data.

The validation will be accomplished by simulating FAI images that were predicted using the anti-
sun pointing mode with simulated images generated using true ephemeris files that contain attitude
information. In comparing the images, we will look at specific targets’ temporal features. Some of the
temporal features we will compare are the entry and exit times between both sets of images as well as
the observation duration between both methods. By proving the ability to predict a certain, known,
spacecraft orientation with the simulator, we can then further improve its prediction capabilities by

adding more orientation modes.

Many satellites utilize specific orientation profiles to achieve their various mission goals. Such pointing
modes include anti-sun, nadir, or inertial pointing. Most satellites have known pointing modes that they
reside in most of the time. However, they do not have publicly available attitude information, which
impacts our ability to simulate images of star fields and RSOs. Our proposed solution is to establish
general classes for the host spacecraft pointing rules to approximate the attitude of the spacecraft so we
can generate more accurate simulated images in cases where we are limited by the insufficient amount

of data.

6.1 Introduction

An important part of SSA and mitigating the concern of the increase in the number of RSOs is to detect
and track the RSOs with accurate orbit and attitude information of the objects. This tool helps address
the concern for the proliferation of RSOs which inevitably increases the risk of collisions for satellites.
Thus, to provide timely and accurate information to enable safe and sustainable space operations,
the tracking and identification of RSOs is of the utmost importance [114]. There are many ways to
accomplish the tracking and identification of RSOs. One approach is taking images of star fields and

identifying RSOs within them and looking at the positions of the various objects over multiple frames of
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an image sequence. Using this information and the time at which the object leaves the observer’s FOV,
one can correlate the object to a catalog number and/or determine some astrometric properties. The
goal is to generate point source images for astrometric analysis in which the location of the RSOs and
the distance to the host are taken into account. Unlike photometric studies, the shape and size of the
RSO is not significant in astrometric analysis. However, in order to develop and test such algorithms,
many validation images with known target RSOs are needed, but are scarcely publicly available with

labeled data sets.

In order to develop algorithms for RSO detection and tracking, often large datasets (labeled and
annotated with orbit and attitude information) are required for training and accuracy validation. This
is especially the case if we need to develop ML algorithms. Given the difficulty of obtaining the data
needed for training such algorithms, image simulations can be used for algorithm training. Simulations
can easily be used to generate large quantities of labeled data with a lot of options for obtaining a
variety of data by modifying one or more parameters within these simulators. Lack of labeled data is of
the greatest challenge as in many applications and RSO images are no exception. There is no publicly
available annotated data that can be easily used for algorithm design. Furthermore, manual labeling
is extremely difficult given the nature of these images. For example, medical images are considered
difficult because of the need for experts to label them. Cityscapes are challenging to annotate because
of the large amount of subjectivity that could result from placing incorrect bounding boxes (or those
of the wrong size) or even missing some labels when some smaller objects are neglected. Similarly,
differentiating RSOs from stars and detecting them requires sequences of images instead of a single
image, pre-processing to remove a lot of the noise to be able to see the potential RSOs and prior

experience to be able to properly label RSOs.

Simulated images are often used in place of labeled real RSO images to provide accurate data. The
accuracy of these images is critical for the development of analytical algorithms as we have truth data
on the RSO and is helpful for training ML algorithms that perform well. Using simulated data to train
ML algorithms is not an uncommon practice in this challenging field. For example, in [55], simulated
light curves are used to train a ML algorithm for RSO light curve classification and in [115], simulated
RSO images are used for RSO streak detection. By increasing the accuracy of RSO and starfield image

simulators, we ease the process of transitioning from a fully simulated dataset to testing on real datasets.

In previous research, members of the Nanosatellite Research Lab have developed a starfield image
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simulator in [31] to help address the need for simulated datasets. The observer’s position, velocity, and
attitude can be determined by supplying measured values at small timesteps or by using a TLE file. For
the purpose of generating realistic and accurate images, ephemeris files are preferred as they provide
true values at almost constant instances (typically one second apart) as opposed to TLEs which must
be propagated to the time of interest. One way to use TLEs when attitude files are unavailable is by
specifying the orientation profile of the RSO as TLEs store information regarding the orbit of the RSO
which can be used to extract position and velocity with no way to determine attitude. The only other
method of using TLEs when attitude is unavailable is to generate tracking mode images where the
camera tracks a specified target such that it is always in the center of the image. By providing rough
estimates of the RSQ’s attitude profile, we can obtain simulated images in cases that were not possible
before. Many RSOs have typical pointing modes to accomplish different objectives such as anti-sun
pointing, nadir, or inertial pointing. By implementing such attitude modes within the pre-existing RSO
simulator, we can improve the fidelity even when we do not have detailed attitude files. In this paper,
we present the implementation of anti-sun pointing mode to accompany TLEs for RSO simulations
when detailed attitude information is unavailable. The results presented are those with pointing mode
operation of the CASSIOPE satellite particularly the FAI that is currently locked in a roughly anti-sun
pointing mode. CASSIOPE has publicly available ephemeris data containing measured position and
attitude which will be used to test the results obtained by using a combination of TLEs and anti-sun
pointing mode. When using the ephemeris data, the position of CASSIOPE at the non-measured

timesteps will be obtained using clamped cubic spline interpolation.

In Section 6.2, we describe the CASSIOPE and RSO simulator in more detail. In Section 6.3, the
simulation sequences are discussed, followed by methodology of implementing anti-sun pointing and the
simulation approach in Section 7.3. The results are shown and discussed in section 6.5 and the final

remarks with the future tasks are provided in Section 6.6.

6.2 Background

6.2.1 CASSIOPE

CASSIOPE is a Canadian space weather satellite with multiple cameras. One of the main payloads is

the FAT which was designed to study the aurora in the 650-1100 nm wavelength scale [86]. Recently, we
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have used FAI images to demonstrate that wide FOV cameras like star trackers and FAI imagers are
capable of imaging RSOs for SSA applications [116]. The camera specifications of FAI are comparable
to a star tracker, which was the main focus of SBOIS, in that it has a low spatial resolution of 256x256.
The reason for focusing on low spatial resolution and wide FOV cameras such as star trackers for SSA
is that we already have a large number of such cameras in orbit accomplishing different tasks. By using
these cameras for SSA, we can utilize already existing hardware in space for newfound purposes such
as RSO tracking, detection, and identification. One of the main advantages of using CASSIOPE as
the observer is that the downlinked are publicly available and are easy to access. This includes FAI
images as well as ephemeris files that contain CASSIOPE’s position, velocity, and attitude information.
This makes CASSIOPE the ideal RSO to use for SSA algorithm development and validation due to the
availability of real data. Once the feasibility of a certain technique has been proven using CASSIOPE,

the algorithms can be extended for studies on other RSOs.

Prior to 2021, CASSIOPE was able to point at specified targets. Unfortunately, at the end of 2021,
CASSIOPE'’s three of four reaction wheels ceased to function so the satellite is no longer able to point
at targets [113]. Instead, the spacecraft is oriented such that its top solar panel is always facing the sun.
Due to the location of FAI on the satellite bus, which is on the opposite end of the solar panel, it will

point in an anti-sun direction which is ideal for RSO viewing.

6.2.2 RSO Simulator

The RSO simulator, referred to as SBOIS was initially developed by colleagues during a past feasibility
study to determine whether star trackers can be used for RSO imaging [31]. FAI simulations from SBOIS
have been compared with System Tool Kit’s (STK’s) Electro-Optical Infrared (EOIR) tool and real
images. As demonstrated in [31], SBOIS is faster and more accurate than STK-EOIR. SBOIS has since
been expanded to include many other features such as tracking mode implementation and ground-based
imaging. We are continuously looking for methods to improve the simulator. In this chapter, we added
and validated a specified pointing mode which is anti-sun pointing to SBOIS. Prior to adding anti-sun
pointing, the only other method of performing simulations without ephemeris files required using TLEs
with an attitude file which is typically not publicly available. Obtaining detailed attitude files are
just as challenging as obtaining ephemeris files so by estimating the attitude as belonging to a certain

profile (which applies to many RSOs), we can perform simulations on objects we were not able to
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before. By expanding the capability of the RSO simulator to generate images from any observer we
were unable to simulate from previously, we added a larger variety of simulated images that can be used
for ML training which potentially improves the performance of these algorithms. In [117], for example,

simulated images were used for developing a classifier that differentiates stars, RSOs, and noise.

Simulated RSO data are also used in other areas of SSA research beyond Al-based detection algorithm
design such as light curve analysis [118]. In addition to the simulator presented in this chapter, there

have been several studies that proposed designs of RSO simulators such as [26] and [27].

6.3 Simulation Datasets

CASSIOPE has publicly available ephemeris files that can be downloaded from University of Calgary’s
enhanced Polar Outflow Probe (e-POP) website [119]. Data from the RSO’s first moments of operations
in 2013 till today are all available. We have simulated over 600 images using anti-sun pointing to test
this new feature in the simulator. The comparison study described in this paper is performed on three
images taken of RSOs in view of FAI on April 16 and April 22, 2023. These particular dates and time
windows were chosen due to the availability of ephemeris files and real images on these days. The
targets used for this analysis are represented in Table 6.1.

Table 6.1: List of Studied RSOs

Dataset Num- Target Name Target Catalog Number
ber

1 USA 40 R/B DEB 23159

2 OneWeb-0647 56079

3 Starlink-6101 56115

USA 40 R/B DEB (catalog ID 23159) is a piece of debris from an American rocket body that was
launched in 1989 [120]. At the time of observation, this rocket body was approximately 5756 km from
CASSIOPE with a phase angle of around 18°.

The target in the second dataset is OneWeb-0647 which is a satellite that was launched on March 26,

2023 [121]. OneWeb satellites have dimensions of 1 m x 1 m x 1.3 m [122]. At the start time of the
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second dataset, this target was around 1935 km away from CASSIOPE and has a phase angle of about
24.5°.

Lastly, the third dataset targets Starlink-6101 which is another recently launched satellite on March 29,
2023 by SpaceX [123]. At around 23:50:25 UTC, CASSIOPE was able to see Starlink-6101 which was

605 km away with a 16.6° phase angle.

An image of the second target (OneWeb-0647) taken from FAI on April 22nd is shown in Fig. 6.1a and
an image of the third target (Starlink-6101) captured on the same day is illustrated in Fig. 6.1b. Each
of these images has multiple RSOs in view from FAI but, in this analysis, we will only focus on one
target per image. The white circle indicates the location of the target RSO. This was determined using

the expected location of the RSO from the ephemeris-based simulations.

e-PFOF FAI NIR 2023-04-22 05:37:42 v
Exp = 0.100s  280x2hHE R =0 - 123332
S¢ lat/low/alt: 0.6/ -176_9%/ B21km

5C ¥P/R: 105 6777 10 2077 91.18° w6 0

(a) Target : OneWeb — 0647

Figure 6.1: Real FAI images captured at 5:37:42 and 23:50:29, respectively, UTC on April 22, 2023

In close-up, images of the above targets appear to have four and five lit pixels, respectively as shown in

Fig. 6.2. In this study, a pixel is considered to be a lit if its intensity is at least 60% of the maximum
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Figure 6.1: Real FAI images captured at 5:37:42 and 23:50:29, respectively, UTC on April 22, 2023

intensity in the image.

(a) Target : OneWeb — 0647 (Four lit pizels)
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(b) Target : Starlink — 6101 (Five lit pizels)

Figure 6.2: Lit Pixels of Targets from Real FAI Images

6.4 Methodology

6.4.1 Anti-Sun Pointing

The mathematical equations for determining the anti-sun pointing attitude are provided in equations
6.1-6.6. In order to orient the RSO in an anti-sun pointing direction, we need to first obtain the sun’s
position in the ECI frame. Then, we invert the sun’s ECI coordinates to point anti-sun and convert to
the host satellite’s, which is FAI in this case, orbital frame. With the RSO in the orbital frame, we
can convert the RSO’s position vector to obtain the attitude needed to point to that vector, which is
anti-sun in this case. To perform this conversion, we need the RSO’s position in both the orbital frame
as well as the body frame which we are assuming to be fixed on the z-axis. Using these two vectors,
we need to calculate two matrices, which will be referred to as G and F for this study, and find the

rotation matrix between them. The expression for G is shown in equation 6.1.

Torb ' I'bdy _”rorb X rbdy” 0
G = ||r01‘b X T'bdy Torb * I'bdy 0 (61)
0 0 1

90



The expression for the F matrix is in equation 6.2.

Torb

F = I'bdy - (rorb : I'bdy)rorb (6.2)
HI'bdy — (Torb - I'bdy)rorbH

I'bdy X Torb

Using both the G and F matrices, the rotation matrix can be calculated using equation 6.3.

R = (FGF )T (6.3)

With the rotation matrix, we can calculate the yaw, pitch, and roll as shown in equations 6.4 - 6.6.

Yaw = —1EQ£2 6.4

aw = tan (R(l,l)) (6.4)

Pitch = tan™* ( —RG.1) ) (6.5)
VR(3,2)? + R(3,3)

Rll—t*lB(jﬁ2 6.6

oll = tan R(3.3) (6.6)

A summary of the steps needed to determine the attitude of the RSO in anti-sun pointing is described
in Fig: 6.3
For each time stamp, the simulator outputs an image as well as a data file containing information on

the observed targets including their catalog number, distance to the host, and position in ECI.

6.4.2 Comparison Approach

For this study, we have decided to perform a temporal comparison between simulated images generated
using ephemeris files, which are essentially truth data, as well as simulated images generated using
TLEs in anti-sun pointing mode. We compared the time of entry and exit between the two approaches

as well as the observation duration.
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Calculate position of sun
in ECI frame

Flip the vector so it points
in the opposite direction

Change vector to host
satellite's orbital frame

Calculate G and F matrices
using equations 1 and 2

Calculate rotation matrix
using equation 3

Calculate yaw, pitch, and
roll using equations 4 - 6

Figure 6.3: Flowchart for determining anti-sun pointing attitude

6.5 Results and Discussion

We generated simulated images of FAI using anti-sun pointing mode and with ephemeris files. To
ensure we captured the full entry and exit times of all target RSOs, we generated simulations with a
two minute buffer from the start times listed in Table 6.1. A sample simulated image from dataset
three is depicted in Fig. 6.4. The artifact on the left of Fig. 6.4b is the Earth’s limb. There is a slight
difference in the boresight Right Ascension (RA) and Declination (Dec) such that the Earth limb does

not appear in Fig. 6.4a.

Using the resulting data file that includes the information of the observed targets, we extracted the

entry and exit times for each target. The results from the ephemeris file simulation are summarized in

Table 6.2.

The next step in the study was to generate the same datasets but using CASSIOPE’s TLE with anti-sun

pointing instead of its ephemeris files. The results are summarized in Table 6.3.

By subtracting the value of start time and end time between the two methods, we obtain Table 6.4.
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Table 6.2: Ephemeris File Dataset Entry and Exit Times

Dataset Catalog Number Start Time End Time (UTC) Duration
Number (UTC) (Seconds)
1 23159 15:56:21 15:58:01 100

2 56079 05:37:37 05:38:00 23

3 56115 23:50:27 23:50:33 6

Table 6.3: Anti-Sun Pointing Dataset Entry and Exit Times

Dataset Target Cat- Start Time End Time Duration (Sec-
Number alog Num- (UTCQ) (UTC) onds)
ber
1 23159 15:55:00 15:57:35 155
2 56079 05:37:01 05:38:10 69
3 56115 23:50:18 23:50:35 17

Negative values indicate that anti-sun pointing simulations start or end earlier, or are shorter than

ephemeris file simulations.

Table 6.4: Difference Between Anti-Sun Pointing and Ephemeris File Dataset Entry and Exit Times in
Seconds

Dataset Target Cat- Start Time End Time Dif- Duration Dif-
Number alog Num- Difference ference ference
ber
1 23159 -81 -26 55
2 56079 -36 10 46
3 56115 -9 -2 11
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By comparing the two tables, we can notice that the same targets are still visible when using TLEs and
anti-sun pointing mode but there is a difference in the entry and exit times compared to using ephemeris
files only. The largest difference is 81 seconds. Given that observation windows for RSOs typically span
several minutes, the difference is negligible for scheduling purposes or early detection which indicates
that anti-sun pointing is still a viable method when measured attitude data are unavailable. In these
examples, using anti-sun pointing mode, we can have earlier predictions of when a target RSO would
be in view but the there is no specific trend on whether anti-sun pointing estimation predicts RSOs
exiting earlier or later than when using ephemeris files. The fact that the same target RSO is in view of
the camera using such a prediction within a minute and a half accuracy proves the viability of using

such predictions when detailed attitude information is unavailable.

6.6 Conclusion

In conclusion, an improved simulator over [31] with the anti-sun pointing mode feature has been
developed to perform simulations when detailed attitude information is not available, and the observer
is known to be pointing in an anti-sun direction. This allows us to expand the number of simulated
RSOs as ephemeris files are rarely made public and there is no other method of generating stare-mode
simulated images. At all three datasets, we were able to see the specified targets with a maximum
difference in entry and exit time of 81 seconds. The maximum difference occurs in the longest dataset
and the difference drops down with shorter datasets. For a long dataset, the difference in entry time
is less than two minutes so for estimates when ephemeris files are unavailable, we can use pre-built
attitude profiles. The results presented here are of a limited initial test and we will find and test new
datasets with anti-sun pointing simulations, ephemeris file simulations, and real images. The results in
this paper are significant as we are able to accurately replicate images for mission planning and ML

algorithm training for a wider variety of RSOs with the added attitude profiles.

Future work includes adding additional attitude profiles within the simulator, such as inertial pointing.
Additionally, we can now use SBOIS to determine all targets in view of FAI even when measured
attitude is not available. Future work also includes performing additional studies comparing the real

and simulated images in order to locate uncataloged RSOs that do not have TLEs.
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SIMULATED IMAGE 2023-04-22 23:50:29 UT
Exp=0.100 256x256 DN=8-38390
SC lat/lon/alt: 2.1°/-91.9°/525km  FOV Half Angle = 13.8°
Coordinate System: Orbital SC YPR: -94.296°/11.281°/91.11°
ST axmymz: -60°/-90°/0° Boresight RA/DEC: -155.0°/-23¢
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(a) Generated Using Ephemeris File

SIMULATED IMAGE 2023-04-22 23:50:29 UT
Exp=0.100 256x256 DN=8-65536
SC lat/lon/alt: 2.1°/-91.9°/528km  FOV Half Angle = 13.8°
Coordinate System: Orbital SC YPR: 19.6407°/21.2386°/85.4269°
ST (-)xlf)ylf)z: -60°/-90°/0° Boresight RA/DEC: -149.9°/-12,3°
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(b) Generated Using Anti Sun Pointing Profile. The White Line On The Top Left
Represents The Farths Limb

Figure 6.4: Simulated Images Generated Using two Methods on April 15, 2023, 00:30:31 UTC
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Chapter 7

Demonstration of RSO simulation,
prediction and detection using a low
spatial resolution imager in anti-sun

pointing

Abstract

SSA is a field of increasing prevalence due to the large increase in the number of RSOs in orbit. Using
low spatial resolution imagers, such as star trackers, for RSO imaging is a new and emerging field within
SSA that is becoming more popular by the day. Despite the challenges of using low spatial resolution
imagers for SSA, star trackers have wide FOVs which make them ideal for RSO monitoring. It also
greatly enhances the distribution of observations as even smaller satellites such as cubesats are able to

implement RSO detection and tracking capabilities using a star tracker alone.

To develop algorithms for RSO detection, tracking, identification, and even for photometric light curve
extraction, RSO images are needed so the availability of these images is of the utmost importance.

Given the difficulty in obtaining a large number of real images, due to downlink limitations and security
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concerns regarding sharing RSO images, simulations are used to assist with such algorithm development.
We have built such a simulator in [31]. Given that we do not always have an RSO’s attitude information,
we have implemented pre-defined orientation modes in our simulator. Additionally, we have developed a
pipeline for RSO image capture using predictive simulation algorithms applied to low spatial resolution
images. This study demonstrates the capability of using predictions via simulation to assist with RSO
detection using a low spatial resolution imager. The FAI was used in this study as a sample low spatial
resolution camera in orbit with similar characteristics to a commercial grade imager. FAI is currently
pointed roughly in an anti-sun configuration which is ideal for RSO imaging and consequently for light
curve extraction. We demonstrate this by comparing the pixel locations of RSOs from real images
with STK’s EOIRtool, and our in-house RSO optical image simulator using (1) predictions with TLEs

implemented with anti-sun pointing and (2) ephemeris-based simulations.

With this study, we have demonstrated that by using TLEs and pre-determined orientation modes,
we can determine which objects pass by a particular observer. Additionally, this approach allows
us to identify some of the RSOs in the vicinity of the observer, making it a valuable tool for future

photometric satellite missions.

7.1 Introduction

SSA, which includes predicting, tracking, and identifying RSOs is a very important field to deal with
the large increase in the number of RSOs in orbit. Accurate RSO tracking and proximity monitoring
are becoming increasingly important, as the growing RSO population causes more frequent conjunction
events in which operational spacecraft must maneuver to avoid collisions. More details on the different

definitions of SSA and its importance are found in [114].

7.1.1 SSA using low spatial resolution imagers

Low spatial resolution imagers like star trackers have been determined to work well for RSO imaging
due to their wide FOVs [116, 124-128| . Additionally, star trackers allow us to use existing hardware
widely available on many satellites already in orbit for RSO detection, tracking, and identification
in addition to their original purpose for attitude determination [129]. Therefore, by widely adopting

preexisting star trackers for SSA algorithms, we greatly enhance our ability to detect and track RSOs.
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This in turn allows us to further develop and improve our algorithms without the additional cost of a

dedicated high spatial resolution imager.

By continuously monitoring the positions and movements of RSOs relative to the background stars, star
trackers can help maintain an up-to-date catalog of objects in orbit. In [125], the opportunity to use
star trackers to help SSA was examined through simulation studies. In [128], a camera for both attitude
determination and SSA is presented as a concept of operation. With a network of satellites equipped
with star trackers, the authors in [130] propose Space Traffic Management (STM) as a means for SSA.
Star trackers can contribute to the tracking and identification of objects, allowing space agencies and

operators to plan and manage space traffic effectively.

The camera chosen for this study is the FAI onboard the CASSIOPE satellite [86]. Although FAI is not
a star tracker, it is a low spatial resolution and wide FOV camera with image quality similar to a star
tracker. Additionally, FAI images are publicly available unlike most space cameras. The availability of

real images for validation allows us to use the FAI for algorithm testing and development.

7.1.2 Starfield simulation for SSA

One method to assist with SSA activities is to simulate RSO images. These simulations depict an
accurate view of what objects are in the FOV of our observer. There are many advantages for using
RSO image simulations. First, using simulations validates what RSOs will be in view of our target,
which is useful for conjunction warnings and impact prediction. In [131], simulations were implemented

to determine the effectiveness of various maneuver guidelines for STM.

Second, simulated images are accessible much more quickly than real data for time-sensitive issues
such as collision avoidance, due to delays in downlinking images from orbit, and so simulated images
are useful for preliminary analysis. As a result, simulated images are capable of replacing real data
temporarily when there are issues with downlink. This allows for a faster response time to potential
collisions if they are able to be detected in a simulation environment. Once real images are available,
simulated images assist in studying images obtained from real cameras by comparing the real images
with the simulated parameters. Most simulators save important information about the target and the
observer, along with the simulated starfield images, which might not be available directly in real images.
As a result of being in a controlled environment, simulated images allow for controlling the values of

different variables to test out different scenarios which is difficult to implement for real images. In [115],
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simulated RSO images are used to augment real images for use in AT RSO detection.

Third, simulated images allow for trial and error in designing different aspects of a satellite mission.
This includes testing different orbital parameters such as inclination or semi-major axis values prior to

launch.

Lastly, SSA simulations also enable predictions of future RSO passes, which is essential for tasking
satellites to specific targets or planning efficient downlinks to ground stations. Active satellites generate
significant amounts of data, and effective downlink scheduling across multiple ground stations is crucial
for SSA. The authors in [132] describe a scheduling approach that optimizes downlink to multiple
ground stations by considering data rate and efficiency. This kind of optimization is vital for SSA
access planning, where the efficient use of satellite and ground station resources is key to maintaining
awareness of RSOs in space. Typically, SSA activities are scheduled using optimization techniques, as
demonstrated in multiple studies [132-135|. Recently, reinforcement learning approaches have also been

applied to sensor scheduling, as seen in [136-138].

In this chapter, we demonstrate a novel method to use an RSO simulator to predict RSO observations.

7.1.3 RSO Simulators in the market

There are many different RSO simulators in the literature such as [26, 27] in addition to STK’s EOIR
tool which is widely used in the commercial sector. The simulation tools in both [27] and [26] implement
models from rendering software which increases the complexity of the simulator. STK-EOIR is a robust
tool but it does not easily allow for running multiple iterations in rapid succession due to delays in

running the EOIR tool.

In [31], we described a custom, high fidelity simulator that provided images as well as details on the
position of the RSOs from any specified observation platform. This simulation technique uses default

MATLAB functions alone with no additional packages or interfaces with other software solutions.

After our study in [31], two of CASSIOPE’s reaction wheels failed so the satellite is spinning about
the sun line and is oriented such that its main solar panel is facing roughly at the sun at all times
and FAIT is pointing approximately anti-sun [113]. To generate more accurate predictions from FAI, we
implemented an anti-sun pointing mode within the simulator and will use this feature in this study.

To complement the anti-sun simulated images and to demonstrate the viability of using low spatial
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resolution imagers for SSA, we will compare real images, STK-EOIR images, and ephemeris-based
simulations with the anti-sun simulated images. The metrics we are studying are the pixel locations of
stars and RSOs of interest, the angular difference of RSO locations, and the RSO cross-track position

difference.

7.1.4 Research Objectives

To demonstrate the accuracy of the prediction simulations for RSO observation prediction, we have

performed the following studies:

1. We developed a sequence for mission planning to observe RSOs, including RSO detection predictions,

camera planning, and RSO detection with the camera.

2. We demonstrated the above sequence using FAI as the spaceborne observer and SBOIS, first

demonstrated in [31] as the main tool.

3. We validated the results by comparing predictions with the real images that FAI collected in
February, 2023.

In this study, validation using real FAI images demonstrated that the simulator was capable of predicting
when RSOs will be observed by a spacecraft, albeit with some errors in the RSO’s exact pixel location.
This proves we can use this simulator for future on-orbit tasking. This also demonstrates the validity of
using star trackers as RSO observers, as we can predict the position of target RSOs and confirm them

with the downlinked images.

7.2 Background

7.2.1 Simulation Architecture

SBOIS is an optical image simulator that generates starfield images as viewed by a specified observer.
There are many considerations that were taken into account when developing the simulator which make
it an accurate and robust tool for RSO simulations. These include the consideration of various sources
of incident light. In addition to the sun, SBOIS considers Earth limb, zodiac, and moon glow which

allows for accurate background sky brightness calculations. Another factor that improves the simulator’s
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fidelity is the use of facet models that contain a detailed representation of the RSO’s size and shape
without implementing complex ray-tracing models. Additionally, the simulator is capable of generating
images for both ground and space-based observers, as defined by the user, for a variety of different
orientations. For a ground-based observer, one specifies a set of Latitude, Longitude, and Altitude
(LLA) in addition to the RA and Dec. For space-based observations, the user can use ephemeris files,
containing the spacecraft’s measured position and attitude, or TLEs to specify the observer’s state.
Given that TLEs do not include attitude information, SBOIS has some orientation modes that are
activated to estimate the attitude if the observer’s position is defined using a TLE. These orientation
modes include tracking mode, where the observer is oriented such that a specified target RSO is always

in the center of the image, and anti-sun pointing mode, as described in [4].

A file with a collection of variables is saved alongside the images which contains information on the
catalog number, position, velocity, and pixel location of the RSOs in the image as well as information

on the stars in the image.

7.2.2 Studied Sequences

For this study, we use the FAI onboard the CASSIOPE satellite as our observer. Although FAI was
originally developed to observe the aurora, it is now used for viewing RSOs [31, 116]. FAT has a low
spatial resolution of 256x256 pixels so FAI images are representative of star tracker images which makes
FAT an ideal candidate for this study. Additionally, FAI images and ephemeris data are also publicly
available online which allows us to validate our estimated attitude and simulated images with truth
data. We simulated FAI in anti-sun pointing mode to generate the predicted images. This configuration
is due to CASSIOPE’s anti-Sun pointing attitude that was mentioned earlier, resulting from reaction

wheel failures. Multiple images were used in this study and the dates and times are provided in Table

7.1.
Table 7.1: List of sequences
Sequence Number Date Number of Images in Sequence | Studied Image Timestamp in UTC
1 February 12, 2023 29 04:31:11
2 February 15, 2023 13 21:15:20
3 February 18, 2023 59 19:43:28
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7.3 Methodology

This section starts with the explanation of the different dataset that are compared and then explains

the list of steps taken to perform the analysis.

7.3.1 Data Sources Used

In this study, four different datasets are compared, namely: predicted images from the RSO simulator,

simulated images created using ephemeris data, STK EOIR, and real images.

7.3.1.1 RSO Simulator

The RSO simulator (also known as SBOIS) is a starfield simulator that was initially developed as part of
a feasibility study for low spatial resolution imagers. Further details on the RSO simulator are available
in [31]. The RSO simulator’s functionality has since been expanded to include generating images from
ground stations as well as adding the option for tracking mode observations in addition to stare mode.
Given that CASSIOPE is currently locked in an approximately anti-sun pointing attitude, the RSO
simulator was updated to incorporate an anti-sun pointing mode to match the known CASSIOPE
attitude profile. The description of anti-sun pointing is found in [4]. In addition to the anti-sun pointing
predictions, the RSO simulator was used to generate simulated images using FAI’s ephemeris data
which includes its attitude and position. The RSO simulator outputs a simulated image as well as a
data file in each timestep containing the needed information for this analysis. To simulate the blurring
effect caused by optics, the the RSO location in the simulated image is generated with a Gaussian point
spread function. The target catalog number and pixel locations are generated in the data file. A sample

image from the RSO simulator is shown in Figure 7.1.

7.3.1.2 STK EOIR

To properly assess the accuracy of the RSO simulator with respect to a commercial tool, we will compare
the results with those produced using STK EOIR, which serves as an industry standard for satellite
image generation. STK is highly regarded in the space industry as a robust and reliable tool for orbital
analysis, with the EOIR tool serving as a very powerful method to visualize what a satellite would

see at a specified point in time. Using a custom-designed RSO simulator such as SBOIS is still a
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SIMULATED IMAGE 2022-09-01 09:10:26 UT
Exp=0.100 256x256 DN=8-65536
SC lat/lon/alt: 57.0°/-125.6°/365km FOV Half Angle = 13.8°
Coordinate System: Orbital SC YPR: 106.776°/58.295°/-146.333°
ST (-)xlflyl(fz: -60°/-90°/0° Boresight RA/DEC: -9.7°/-7.1§*

6

Figure 7.1: Sample image from RSO Simulator with target RSO shown in black circle. Image has been
inverted for clarity.

preferred approach for the recurring task of RSO observation predictions and analysis, as it can be
optimized in terms of computational speed and modeling fidelity for the task at hand. Nevertheless, as
an established industry-standard product, STK EOIR is a valuable tool for validation. A more detailed
comparison between an earlier version of the RSO simulator and STK is found in [31]. A sample image

from STK-EOIR is shown in Figure 7.2.

Figure 7.2: Example Image from STK-EOIR with target RSO shown within white circle
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7.3.1.3 Real Images

In addition to all the simulation techniques, we also use the real images captured from FAI. The images
are uploaded publicly at [119]. Using a sequence of real images, we can manually compare the motion

of objects in the images. A sample sequence is in Figure 7.3.

e-POP FAI NIR 2022-11-27 06:11:00 vI  e-POP FAI NIR 2022-11-27 06:11:15 v1  e-POP FAI NIR 2022-11-27 06:-11:30 v
EXP = 0.100s  ZBOxZhE ® =0 - 734940 EXP = 0_100s  ZBOxZhE ® =0 - 547218 EXP = 0_100s  ZBOxZhE ® =0 - 335111
5¢ lat/lewm/alt: -77.7%/ -111.3°/ 707km 5C lat/len/alt: -77.1°/7 -108.3%/ 71dkm SC lat/lon/alt: -76.4°/ -105.7°/ 720km

5S¢ Y/P/R: -162_01° /7 51.26°/ 62 65 wH. D sc ¥/p/R-  -173 51°/ 53_23°/ 61.52° wH. D sc ¥/P/R: 174 48°/ 55_30°/ 61 06~ 5.0

Figure 7.3: Example of sequence of FAI images with target RSO
shown within black circle. Unlabeled Image Source: https://epop-
data.phys.ucalgary.ca/2022/11/27/FAI/FAI _1vl png 20221127 060914 061246 6.0.0/

7.3.2 Comparison Approach

The information extracted from the RSO simulator and the real image detections are the pixel locations
of the target stars and RSOs at a specified time frame, as well as the RA and Dec of each RSO being
tracked. From the RSO simulator, we can also extract the target’s catalog number and the star’s
identity. For the images used in this study, the x and y pixel locations at specified timestamps are used
for the comparison while the RA and Dec values are used to calculated the angular difference in RSO
locations and the cross track error which is typically used for comparing the positions of satellites [139,
140]. The RA and Dec values are used to determine the angular difference between each RSO’s position
between the different methods. First, the Cartesian position vector from each method is calculated

using Equation 7.1.
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X = cos(RA) cos(Dec) (7.1a)

Y = sin(RA) cos(Dec) (7.1b)
Z = sin(Dec) (7.1¢)

X
V=|vy (7.1d)

A

Using Equation 7.1, position vectors from each approach for all datasets are calculated and using
Equation 7.2 the inverse cosine of the dot product between two of the datasets at a time provides the
angular difference in RSO position between the four datasets. To find the difference in cross-track
position, which is the difference in position in the plane perpendicular to the line-of-sight to the RSO,
we multiply the angular difference in radians with the host-target distance as shown in Equation 7.3.
In Equations 7.1 - 7.3, V represents the position vector, # is the angular difference in radians between
two datasets, the subscripts refer to the different datasets being compared, ErrorcrossTrack 1S the cross

track error in km, and R is the range, or host to target distance, in km.

6 =cos ' (Vy-Va) (7.2)

ErrorCrossTrack: =0R (73)

The datasets described earlier were used as follows. First, we started with the RSO simulator to
determine potential RSOs in view of FAI. Then, we selected sequences of target RSOs. These were
either chosen due to the frequency of the observation or the length of the detection. After determining
the sequences to study, we ran STK-EOIR in anti-sun pointing mode for the time window of interest.
Concurrently, we provided CASSIOPE’s operators with information on the best observation times so
that they tasked CASSIOPE to look at the chosen targets. Once images and ephemeris information
were captured and downlinked, real images were used for a visual comparison and an updated set of

RSO simulations using ephemeris files were compared. Finally, we compared the results from the STK
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and our in-house simulated images to assess the viability of using low spatial resolution imagers and
orientation-specific predictions for SSA. It should be noted that STK-EOIR provides the pixel locations,
as well as RA and Dec but requires the user to insert the target manually and to track when the RSO

enters and exits the frame to record the needed information.

7.4 Results

The real, ephemeris-based simulation, anti-sun pointing simulation, and STK-EOIR images for sequence
two are shown in Figure 7.4. In the ephemeris-based simulation shown in Figure 7.4b, the bottom left
corner represents the Earth limb. In SBOIS, the Earth limb is modelled by changing the background
to white. In future studies SBOIS can be improved to represent an increase in brightness but not

necessarily a fully white background. The x and y pixel locations for each target for all sequences are

in Table 7.2.
Table 7.2: Pixel locations (x pixel, y pixel) of target stars and RSOs
Ephemeris- | Anti-sun
Image STK-
Target Real Image based Pointing
Sequence EOIR
Simulation | Simulation
1 RSO: COSMOS 675 (188,37) (181,43) (116,97) (124,88)
2 RSO: Object Q (102,53) (96, 48) (92,148) (92,148)
2 RSO: Object L (126,26) (116, 24) (100,119) (100,119)
2 Star: HR 3982 (151,17) (141,10) (116,93) (119,99)
2 Star: HR 3876 (83,52) (79,43) (72,149) (75,153)
3 RSO: NOAA 6 (103,127) (104,124) (53,172) (55,175)

Figure 7.4 and Table 7.2 show a discrepancy between the anti-sun predictions (both using STK-EOIR
and the RSO simulator) and the images from the true attitude profile (real images and ephemeris-based
simulations). This indicates that FAI is not entirely pointed in anti-sun configuration. The large pixel
differences that are seen between the real and anti-sun simulated images are partly due to attitude
control errors where the spin axis will wander by a few degrees with respect to the sun line due to the

error in sun vector measurement as well as the imperfections of magnetic torquing. Additional errors
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(a) Real (b) Ephemeris-based Simulation

(c¢) Anti-sun Pointing Simulation (d) STK-EOIR

Figure 7.4: FAI images from real and simulated sources for sequence two. Date: February 15,
2023, 21:15:20 UTC. Target stars are in yellow boxes and target RSOs are in purple boxes. The
targets are (listed from right to left): Star HR 3982, Object L (catalog number 54692), Ob-
ject Q (catalog number 54751), Star HR 3876. Source of unlabeled real image: https://epop-
data.phys.ucalgary.ca/2023/02/15/FAT/FAI _1vl png 20230215 211514 211946 6.0.0/

are introduced due to the fact that the anti-sun simulation and STK-EOIR are both assuming a certain
spin angle about the sun line that in general will not match the actual spin angle when the images
are taken. The largest discrepancy in pixel locations between the real image and anti-sun pointing
simulation is 50 pixels in the x direction and 97 pixels in the y direction. The results match each other
more closely when comparing the anti-sun images together and the true attitude images with each other.

The largest difference between the real images and the ephemeris-based simulations is 10 pixels in the x
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Table 7.3: Angular difference (degrees) for each target

Ephemeris-
Real Image Ephemeris- | Anti-sun
Real Image based
& Real Image based Pointing
& Anti-sun Simulation
Target Ephemeris- & STK- Simulation | Simulation
Pointing & Anti-sun
based EOIR & STK- & STK-
Simulation Pointing
Simulation EOIR EOIR
Simulation
COSMOS 675 0.06 0.15 3.16 0.21 3.20 3.03
Object Q 0.31 0.14 0.77 0.43 0.90 0.66
Object L 0.41 0.44 0.99 0.39 0.76 0.56
NOAA 6 0.12 0.15 0.05 0.13 0.16 0.19

direction and nine pixels in the y-direction. The anti-sun and STK-EOIR scenarios display the targets
at almost identical locations with the largest difference of eight pixels in the x-direction and nine pixels
in the y-direction. This indicates a strong accuracy in the generation of anti-sun pointing simulated
images despite the FAI camera not being oriented fully in anti-sun configuration. The difference in
the anti-sun pointing and true pointing results in a large shift in target pixel locations where the true
attitude shows the targets at the top of the image whereas anti-sun calculations show the targets near

the center of the detector.

To further evaluate the simulations, we calculated the difference in look directions between the four

data sources for all the target RSOs as shown in Table 7.3.

From Table 7.3, all techniques aside from STK-EOIR result in angular differences less than half of a
degree. For the first target only, STK-EOIR has an approximate three degree angular difference to
the other techniques. This further supports the previous results in Table 7.2 where the pixel locations
in STK-EOIR encountered the largest offset from other methods in the first image sequence. The
larger discrepancy is potentially due to TLE propagation errors within STK. The cross-track position

difference between the four methods is in Table 7.4.

As shown in Table 7.4, the largest cross-track error is around 37 km. For non-STK comparisons, the
error does not exceed five km. This indicates that simulation predictions are a viable technique for

determining the locations of target RSOs as, although we are not able to predict the pixel locations
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Table 7.4: Cross-Track error (km) for each target

Ephemeris-
Real Image Ephemeris- | Anti-sun
Real Image based
& Real Image based Pointing
& Anti-sun Simulation
Target Ephemeris- & STK- Simulation | Simulation
Pointing & Anti-sun
based EOIR & STK- & STK-
Simulation Pointing
Simulation EOIR EOIR
Simulation
COSMOS 675 0.66 1.78 37.21 1.34 20.83 20.86
Object Q 3.51 1.56 8.73 3.20 6.77 5.33
Object L 4.66 4.97 11.24 2.92 5.7160 4.50
NOAA 6 1.52 1.90 0.60 0.60 0.74 0.89

accurately, the target position in the sky is determined within five km accuracy. With this study we have
proven the viability of using TLEs and pre-determined orientation modes to obtain an understanding of
what objects pass by a specified observer. Through the example used in this study, we discovered that
FAI is not exactly oriented in anti-sun configuration due to inaccuracy in the onboard sun sensor. Even
so, we were able to determine some of the stars and RSOs that are in the vicinity of the observer and
can use this prediction approach for future satellite missions where the observer is pointed in anti-sun
configuration. This study demonstrates the benefits of a simulation environment such as SBOIS and
on-orbit star tracker imagery in terms of increased capabilities for SSA activities. While there were

differences in the target RSO and star locations, the objects were visible and identifiable in all cases.

7.5 Conclusion

In conclusion, we have demonstrated the feasibility of using low spatial resolution imagers such as
star trackers for RSO prediction, simulation, and detection by comparing real FAI images with STK
EOIR, and an RSO simulator in anti-sun pointing mode and with ephemeris files. A pixel location
comparison indicates a maximum discrepancy of 10 pixels in the x direction and nine pixels in the y
direction using the same attitude information. When comparing the cross-track position error in km,

the largest difference between the real image and anti-sun simulation is five km while most sequences
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have errors less than two km. These are promising results that demonstrate the feasibility of using
simulations to predict target RSO passes. Additionally, this study provides the initial steps as part of a
larger framework to measure and correct for TLE errors. Future work includes adding more pointing
orientations such as inertial pointing to allow for predictions of a larger number of RSOs. To further
develop the aforementioned framework, it would be crucial to implement an Initial Orbit Determination

(IOD) algorithm to further understand the orbits of the RSOs moving around a specified observer.
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Chapter 8

Conclusions

8.1 Summary

In conclusion, this dissertation provided contributions to the field of SSA. The contributions in Part I
focused on post-mission photometric analysis. Chapters 2 and 3 demonstrated novel ML techniques
for LEO RSO light curve classification. SVM, LSTM, and Barlow Twins were explored for light curve
classification for this task, with the Barlow Twins network yielding the highest performance. By
implementing Barlow Twins, we successfully classified short, two minute light curves with 75% accuracy,

and longer five minute light curves with 97% accuracy.

Part II presented software tools for SSA mission planning which were applied to real-world scenarios
in collaboration with Magellan Aerospace. Chapter 5 demonstrated a sensitivity analysis study to
determine the best camera for achieving SSA mission objectives. Chapters 6 and 7 showcased the use
of anti-sun pointing simulations for target prediction, and the results were validated with real images

captured from the FAI imager.

8.2 Future Work

For Part I of the thesis regarding the topic of light curves, there are many approaches to enhance the
existing research. Firstly, the Barlow Twins network could be tested with different datasets of light

curves. This includes developing a tool for light curve extraction to obtain light curves from existing
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images such as FAI images or images from the RSONAR II mission. The RSONAR II mission served
as a technology demonstration of a wide FOV optical camera for SSA. The PCO camera was the main
camera that operated as a dataset gathering payload. The IDS was part of a real-time RSO detection
and attitude determination system. The light curves studied in this dissertation were obtained from
narrow FOV systems, ideal for photometry. However, the PCO, IDS, and FAI cameras are all wide FOV
systems which indicate that their images are more challenging to extract light curves from. However,
the large FOV allows for the extraction of light curves for multiple RSOs from each sequence of images.
Another approach to obtaining light curves for model training is to generate them using the simulator
described in Chapters 6 and 7. There are two ways to obtain simulated light curves. The first approach
is to generate the simulated images and then extract the light curves and the second approach is to
calculate the brightness of the RSOs and simulate the light curves directly without generating images.
To use the different datasets for training, there are multiple strategies to be tested such as transfer
learning or combined training with all the datasets. Furthermore, adding the capability for online
learning, where the Barlow Twins network learns from the light curves as they are collected in real-time,
makes the classifier easier to use during missions. This improves the ability of the light curve classifier
to generalize to different scenarios which will ensure that satellite operators can reliably use this tool to

characterize the motion of RSOs of interest to determine any irregularities.

Regarding the classification task, adding debris light curve as a classification category would allow for
a more accurate representation of RSO categories such that any RSO can be classified. In addition
to the classification of light curves by object type and stability, other layers of classification can be
added to further classify light curves by their shape, size, and surface material. This means the network
will be enhanced to perform multi-stage classification where the first network classifies light curves
as described in this dissertation with additional networks performing the classification tasks for the
other categories. This capability allows for the extraction of as much information as possible with
the light curve which, when combined with astrometric analysis from images containing RSO orbital
information, allows for more accurate RSO identification. With all these changes, a pipeline is created
that starts with capturing images containing RSOs, extracting their light curves, and inputting them
one-by-one into the classifier. The classifier will first determine the object type and then the size, shape

and material categories.

As for XAI, additional layers in the network can be analyzed by Grad-CAM to allow for a better
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understanding of how each layer’s performance changes after implementing the suggestions above. Other
XAI approaches such as SHAP can be utilized to gain a deeper understanding of the impact of different
features in the light curve. These approaches can also allow for network pruning to remove layers that

do not contribute as much in the new multi-stage classification task.

For Part II, future work includes combining the RSO simulator with the sensitivity analysis tool to
emulate the orbit around an in-development spacecraft, combining detectability calculations from the
sensitivity analysis with real orbital data from the RSO simulator. This allows for a more accurate
study of the true orbital conditions around a spacecraft in development. Other improvements to the
detectability analysis tool in Chapter 5 include a more extensive analysis of ideal camera location. The
current study used the entry point of target RSOs in the FOV to determine the best camera location
with respect to the host’s orbit but to further refine the ideal camera location, a study using different
positions of the camera on the spacecraft body alongside an analysis of the FOV. An extension of the
study performed in Chapter 5 includes a general analysis of common orbital configurations to determine
the best location to place a camera depending on the mission type. By having an overall understanding
of the best location of an SSA camera, mission operators can choose the orbit more easily. For the
study presented in this dissertation, the best camera is the one that detects the most RSOs in one day
with a minimum SNR of six but different missions can have different requirements. The detectability
analysis tool can be modified to prioritize the number of unique RSOs or the total number of RSOs in
the FOV at a particular time. Allowing the analysis tool to be modular will increase the number of

applicable mission use cases.

Future improvements to the simulation tool could also involve adding additional pointing modes, such
as nadir or inertial pointing. Target-pointing could be implemented in the same approach as anti-sun
pointing with the boresight vector aiming at the target RSO as opposed to the inverse sun vector. This
is an option to allow the camera to aim at a particular target in each image while in stare mode which
is useful in situations where we do not have detailed pointing information but we know the targets that
are available in the images. Additionally, a tracking mode would greatly increase the applications of
the simulator by expanding the types of studies we can perform with the tool. Further enhancements

will also focus on improving the accuracy and speed of RSO predictions.

In summary, combining all the contributions in this thesis results in a comprehensive SSA software

solution. This solution starts with sensitivity analysis for camera selection during early mission

113



development, incorporates prediction simulations for mission planning, and ultimately uses light curves

to characterize the objects captured from these missions with the developed Barlow Twins network.
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Appendix A

Distance, Visual Magnitude and SNR
Tables

Table A.1: Host to target distance.

Host to Target Distance (km)
RSO Number | Approach Number
Entry Exit | Minimum Rate | Minimum Distance
7 1 247.23 | 248.46 243.02 238.43
7 2 222.66 | 217.75 222.66 109.80
7 3 217.78 | 214.04 170.57 32.73
7 4 232.09 | 233.32 199.34 158.57
9 1 246.41 | 236.80 246.41 99.69
18 1 242.23 | 238.92 204.22 132.59
37 1 244.97 | 245.23 244.97 241.10
38 1 236.46 | 243.41 206.46 170.65
38 2 243.98 | 244.44 243.98 156.92
38 3 235.99 | 241.38 235.99 198.23
44 1 235.29 | 245.73 223.56 160.64
44 2 223.33 | 220.87 223.33 62.57

116



Table A.1 continued from previous page

Host to Target Distance (km)
RSO Number | Approach Number
Entry Exit | Minimum Rate | Minimum Distance

44 3 248.69 | 228.64 248.69 53.03
44 4 228.52 | 232.51 201.05 151.34
53 1 233.91 | 212.12 233.91 126.64
58 1 244.75 | 243.34 226.31 158.83
58 2 240.43 | 242.19 240.43 66.91

70 1 243.10 | 241.94 243.10 203.78
76 1 207.45 | 204.91 207.45 40.38
84 1 245.87 | 241.16 21791 84.99
84 2 234.40 | 231.67 234.40 90.59
93 1 245.77 | 246.86 245.77 223.53
93 2 209.07 | 227.95 176.45 63.33

94 1 237.99 | 240.50 237.99 202.78
94 2 226.53 | 224.39 226.53 142.89

In Table A.1, the first column represents the RSO number out of the 100 propagated orbits. The
approach number is a counter for the number of close approaches each target makes. For example, the
7th and 44th RSOs appear within 250 km from the observer a total of four times. While the distances
at the entry, exit, and minimum rate points are close to 250 km, the minimum distance is typically

much smaller. It is as close as 32 km for RSO number 7’s third approach.

Table A.2: Target visual magnitude.

Visual Magnitude

RSO Number | Approach Number
Entry | Exit | Minimum Rate | Minimum Distance
7 1 11.14 | 11.45 11.56 11.59
7 2 9.05 9.35 9.05 9.37
7 3 8.07 | 8.25 7.69 3.06
7 4 7.62 7.7 7.29 6.52
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Table A.2 continued from previous page

Visual Magnitude
RSO Number | Approach Number
Entry | Exit | Minimum Rate | Minimum Distance
9 1 8.24 | 9.59 8.24 7.18
18 1 11.17 | 8.35 8.16 8.88
37 1 9.67 | 8.75 9.67 8.98
38 1 7.61 7.79 7.28 6.65
38 2 8.93 9.18 8.93 8.41
38 3 12.04 | 10.46 12.04 13.76
44 1 9.33 11.22 11.44 12.11
44 2 8.45 9.66 8.45 9.00
44 3 8.17 | 8.75 8.17 4.48
44 4 7.57 | 8.08 7.62 6.58
53 1 12.17 | 8.44 12.17 10.99
58 1 7.61 9.62 9.23 7.11
58 2 7.76 | 10.21 7.76 4.73
70 1 7.96 7.45 7.96 7.17
76 1 9.12 7.95 9.12 5.91
84 1 7.75 9.28 8.95 5.41
84 2 8.48 10.61 8.48 9.52
93 1 14.91 | 10.37 14.91 12.39
93 2 9.19 8.06 7.54 6.03
94 1 9.30 7.72 9.30 7.87
94 2 14.98 | 7.90 14.98 8.98

From Table A.2, most targets are the brightest at the minimum distance point. This does not occur for
all approaches though. For example, for the second approach of target RSO number 84, the object

appears brightest at the entry point.
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Table A.3: Target SNR for FAI

SNR
RSO Number | Approach Number
Entry | Exit | Minimum Rate | Minimum Distance
7 1 043 | 0.32 0.29 0.28
7 2 2.95 2.24 2.95 2.20
7 3 729 | 6.17 10.33 732.92
7 4 11.01 | 9.61 14.97 30.36
9 1 6.21 1.80 6.21 16.53
18 1 0.42 5.63 6.71 3.47
37 1 1.67 | 3.91 1.67 3.15
38 1 11.15 | 9.48 15.13 27.01
38 2 3.31 2.62 3.31 5.35
38 3 0.19 | 0.81 0.19 0.04
44 1 2.28 | 0.40 0.33 0.18
44 2 5.12 1.69 5.12 3.09
44 3 6.65 | 3.88 6.65 199.04
44 4 1151 | 7.21 11.05 28.85
53 1 0.17 | 5.19 0.17 0.50
58 1 11.16 1.75 2.51 17.60
58 2 9.72 1.02 9.72 157.86
70 1 8.05 | 12.94 8.05 16.71
76 1 277 | 8.15 2.77 53.20
84 1 9.77 | 239 3.24 84.48
84 2 5.01 0.70 5.01 1.92
93 1 0.01 0.88 0.01 0.14
93 2 2.59 7.37 11.90 47.65
94 1 2.35 | 10.08 2.35 8.76
94 2 0.01 8.51 0.01 3.17
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Table A.4: Target SNR for PCO.

SNR
RSO Number | Approach Number
Entry Exit | Minimum Rate | Minimum Distance
7 1 10.14 7.84 7.07 6.78
7 2 74.82 56.47 74.82 25.40
7 3 368.27 | 311.48 521.85 3346.12
7 4 366.80 | 320.44 498.96 468.30
9 1 224.75 | 65.06 224.75 216.07
18 1 9.15 | 123.17 146.82 38.89
37 1 47.50 | 106.69 47.50 85.94
38 1 272.75 | 241.29 385.08 394.70
38 2 71.33 | 53.33 71.33 69.59
38 3 3.70 15.75 3.70 0.63
44 1 55.58 9.97 8.20 3.23
44 2 183.77 | 57.86 183.77 22.03
44 3 335.73 | 196.09 335.73 1307.80
44 4 485.55 | 332.02 509.31 525.67
53 1 3.39 90.53 3.39 4.76
58 1 563.93 | 88.34 126.65 889.13
58 2 490.85 | 51.43 490.85 4583.34
70 1 155.72 | 247.06 155.72 258.68
76 1 88.63 | 253.14 88.63 227.81
84 1 493.33 | 120.51 163.46 1466.44
84 2 238.00 | 28.62 238.00 34.54
93 1 0.25 16.19 0.25 2.38
93 2 97.69 | 312.93 505.26 311.34
94 1 57.61 | 242.60 57.61 197.90
94 2 0.36 | 244.19 0.36 51.81

120




Table A.5: Target SNR for IDS.

SNR
RSO Number | Approach Number
Entry | Exit | Minimum Rate | Minimum Distance
7 1 0.39 | 0.30 0.27 0.26
7 2 2.89 2.18 2.89 0.98
7 3 16.13 | 13.64 22.85 129.15
7 4 14.16 | 12.37 19.26 18.07
9 1 8.67 | 2.51 8.67 8.34
18 1 0.35 | 4.75 5.67 1.50
37 1 1.83 | 4.12 1.83 3.32
38 1 10.53 | 9.31 14.86 15.23
38 2 2.75 2.06 2.75 2.69
38 3 0.14 | 0.61 0.14 0.02
44 1 2.15 | 0.38 0.32 0.12
44 2 7.09 2.23 7.09 0.85
44 3 14.70 | 8.59 14.70 50.48
44 4 18.74 | 12.81 19.66 20.29
53 1 0.13 3.49 0.13 0.18
58 1 24.69 | 3.87 5.55 38.93
58 2 21.49 | 2.25 21.49 176.90
70 1 6.01 9.54 6.01 9.98
76 1 3.42 | 9.77 3.42 8.79
84 1 21.60 | 5.28 7.16 56.60
84 2 9.19 1.10 9.19 1.33
93 1 0.01 0.62 0.01 0.09
93 2 3.77 | 12.08 19.50 12.02
94 1 222 | 9.36 2.22 7.64
94 2 0.01 9.42 0.01 2.00
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