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CASANDRA. — Apolo, dios de la profecia, me encomendd el cumplimiento de este

servicio.
CORIFEO. — ;Acaso fue herido, a pesar de ser dios, por deseo amoroso?
CASANDRA. — Yo tenia antes pudor de hablar de estas cosas.
CORIFEQ. — jClaro! Todo el mundo es mas delicado, cuando es feliz.
CASANDRA. — jBien que luché para conseguirme, suspirando de amor por mi!
CORIFEO. — ;Y llegasteis a compartir la accion de engendrar?
CASANDRA. — Luego de haber consentido, no le cumpli mi palabra a Loxias.

CORIFEO. — ;Estabas ya entonces posesa por el arte de adivinar?

CASANDRA. — Ya venia yo vaticinando todos los sufrimientos a los ciudadanos.

CORIFEO. — ;Coémo, entonces, quedaste indemne de la ira de Loxias?
CASANDRA. — Por haber cometido esta falta, ya no convenzo a nadie de nada.

CORIFEO. — Nos parece, no obstante, que haces vaticinios dignos de creerse.

Esquilo. La Orestiada I: Agamenén [Esquilo, 1986]

(Aeschylus. Oresteia I: Agamemnon)
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Abstract

This work proposes a new methodology to manage the increase in space traffic and ensure
the safe and sustainable utilisation of space by all actors involved in the New Space context.
The proposed methodology aims to improve the automation and robustness of Space Traffic
Management. The resulting framework constitutes CASSANDRA, an intelligence agent to
robustly support operators on complex Space Traffic Management tasks accounting for aleatory
and epistemic uncertainty and implementing Artificial Intelligence techniques to address the
problems.

This research presents an evidence-based framework to assist operators in the conjunction
risk assessment decision-making process, using Dempster-Shafer theory of evidence to model
both aleatory and epistemic uncertainty on the object’s state vector. This framework assists
operators in making robust decisions in space conjunction assessment based on the value of
the probability of collision and its correctness from the available information. The framework
is designed to cope with Conjunction Data Messages. These messages are the most common
standard protocol for conjunction communication, and the proposed methodology models the
epistemic uncertainty affecting them. The framework also addresses the Conjunction Avoidance
Manoeuvre design by providing robust optimal strategies accounting for both aleatory and
epistemic uncertainty.

The framework enhances the autonomy of Space Traffic Management using Artificial Intel-
ligence methods. These techniques facilitate the autonomy of the decision processes through
the creation of faster surrogate models, data-driven models and decision-making architectures.
The use of Artificial Intelligence in this research intends to improve the automation of the
Space Traffic Management system. First, a Decision Support System based on Multi-Criteria
Decision-Making and Game Theory is proposed to prioritise the best avoidance strategies based
on the available alternatives and the operator’s criteria and constraints. Second, automation
is improved by implementing Machine Learning and Deep Learning techniques, like Random

Forests or Neural Networks, to speed up the conjunction assessment process accounting for
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Chapter 0. Abstract

both types of uncertainty while providing reliable levels of accuracy.

Finally, this work presents some examples where the methodology is tested on a range
of real and synthetic scenarios addressing the multiple-encounter events problem, presenting
a pipeline integrating the different elements of the framework, and comparing the proposed

framework with the current approaches followed by the European and French Space Agencies.

Robust AI for STM Luis Sanchez Ferndndez-Mellado v



Contents

Acknowledgements iii
Abstract iv
Contents Vi
List of Figures Xii
List of Tables XXiii
List of Algorithms XXX
Acronyms XXXi

1 Introduction 1
1.1 Research objectives and contributions . . . . .. ... ... ... .. .. 2
1.1.1 Publications. . . . . . ... 4
1.1.2 Thesisstructure . . . . . . . . .. .. ... 6
1.2 Researchfunding . . ... ... ... ... . . ... . . . . ... . ..., 9

2 State of the Art 10
2.1 Robustness . . . . . . . .. 15
2.1.1 Epistemicuncertainty . ... .. ... ... ... .. .. ... 21
2.2 Automation . . . . ... 25
2.2.1 Articialintelligence . . . . . . .. ..o 27

2.2.2 Articial intelligence for automation . . . ... ... ....... 38

Robust Al for STM Luis Sanchez Ferrandez-Mellado Vi



Contents

| Methodology and algorithms

3 Evidence-based conjunction classi cation system

3.1

3.2

3.3

3.4

4 Modelling epistemic uncertainty in Conjunction Data Messages

4.1
4.2

4.3

4.4

5 Robust collision avoidance manoeuvres

5.1
5.2

Robust Al for STM

Modelling epistemic uncertainty

3.1.1 Dilution of the probability of collision

Dempster-Shafer theory of evidence

3.2.1 Epistemic conjunction risk assessment

3.2.2 Data fusion

Conjunction classi cation criteria

3.3.1 Probability of collision as classi cation criterion

3.3.2 Evidence-based classi cation criteria

3.3.3 Criteria comparison
3.3.4 Extended evidence-based classi cation criterion

Chapter summary

Epistemic uncertainty inthe CDMs . . . . . . . . . ... ... ... ...
Methodology
4.2.1 Scaling of the CDMs

422

-cuts and DSt Structures . . . . . ...
Conjunction Data Message epistemic analysis
4.3.1 Sensitivity analysis

4.3.2 Robustness

Chapter summary

Linear model for impulsive manoeuvres

Robust optimal impulsive avoidance manoeuvre
5.2.1 Optimisation of impulsive manoeuvres: aleatory uncertainty . . .
5.2.2 Optimisation of impulsive manoeuvres: epistemic uncertainty . .
5.2.3 Impulse magnitude optimisation

Luis Sanchez Ferrandez-Mellado

Vii



Contents

5.3 Low-Thrust robust optimal avoidance manoeuvre . . . . .. .. ... .. 120
5.3.1 Magnitude and arc-length optimisation . . .. ... .. ... .. 123
5.4 Numerical scenarios . . . . . . . . . . .. 124

5.4.1 Impulsive CAM: minimisation of the PoC under aleatory uncer-

5.4.2 Impulsive CAM: minimisation of the PoC under epistemic uncer-

tainty . . ... 127
5.4.3 Low-thrustscenario . ... ... ... ... ... ... ...... 135
5.5 Chapter summary . . . .. . . .. .. 139
6 Robust decision-making 140
6.1 Multi-criteria decision-making . . . . . . . .. ... ... 0L 141
6.1.1 Alternatives-Criteria matrix . . . . . ... ... ... .. ..... 142
6.1.2 Normalisation techniques and weights distribution . . . . . . .. 143
6.1.3 MCDMtechniques . . . .. .. .. .. ... ... 145
6.2 Gametheory . .. .. ... . . . . ... 147
6.21 GamematriX . . . . . . ... 149
6.2.2 Equilibrium points . . . . ... ... ... .. . 151
6.3 Conjunction decision-making: collaborative case . ... .. .. .. ... 152
6.3.1 Satellites information . . . . ... ... ... L. 153
6.3.2 MCDMparameters. . . . . . . . . . . . i 154
6.3.3 Analysis . . . . . ... e 155
6.4 Conjunction decision-making: non-collaborative case . . . ... ... .. 160
6.4.1 Satellites information . . . . ... ... ... L. 160
6.4.2 Gametheory matrices . .. .. .. .. .. . ... ... ... 163
6.4.3 Analysis . . . . ... 165
6.5 Chaptersummary . . . ... . ... ... 168
I Applications 170
7 Robust classi cation system on real encounter scenarios 171

Robust Al for STM Luis Sanchez Ferrandez-Mellado Viii



Contents

8

7.1 Area-based epistemic classi cation criterion . . . . ... ... ... ... 172
7.2 Thresholds calibration . . . . ... ... ... ... . 175
7.3 Comparison against real operators approach . . . . . ... ... ... .. 177
7.3.1 Space Debris O ce conjunction risk assessment . . . . . ... .. 178
7.3.2 CNES conjunction risk assessment . . . . ... ... ....... 188
7.4 Statistical analysis of Swarm-Adataset. . . . .. ... ... ....... 196
7.5 Chaptersummary . . . . . . . . . . e 200
Arti cial intelligence for Space Tra ¢ Management 202
8.1 Intelligent classi cation system . . . ... ... .............. 203
8.1.1 Syntheticdataset . . . ... ... ... ... . ... ... .. ... 204
8.1.2 Machine learning techniques and metrics. . . . . ... ... ... 206
8.1.3 Classicationresults . . ... ... . ... ............. 208
8.2 Intelligent classi cation accounting for robust CAM . . . . . . ... .. 212
8.2.1 Manoeuvre-driven epistemic classi cation criterion . . . . . . .. 212
8.2.2 Denitionofthedataset . . . ... ... ... ........... 213
8.2.3 Machine learning techniques and metrics . . . . . ... ... ... 218
8.24 Predictionresults. . . . . .. ... oo 220
8.2.5 Computationaltime . . . . ... ... ... ... ......... 221
8.3 Intelligent robust conjunction analysis with CDMs . . . . ... ... .. 222
8.3.1 Databases . . . . . . . . ... 223
8.3.2 Architectures . . . . . . ... .. 227
833 Results . .. ... . ... 233
8.4 Chapter summary . . . . . . . . . ... 237
Multiple encounters 239
9.1 Multiple encounters . . . . . . ... e 240
9.2 Subsequentencounters . . . . . . . . ... 242
9.2.1 Avoidance strategies . . . . . . . ... 242
9.22 Riskassessment. . . . . ... ... ... 245
9.3 Multiple encounters within a constellation . . . . ... ... ....... 260

Robust Al for STM Luis Sanchez Ferrandez-Mellado iX



Contents

9.3.1 Avoiding and returning strategies . . . . . .. ... ... ... .. 260
9.3.2 Riskassessment. . . . . .. ... ... 262
9.4 Summary . . . . .. e e e e e e 272
10 CASSANDRA 274
10.1 CASSANDRA framework . . . . . . . .. ... ... . 277
10.1.1 Modules . . . . . . e 278
10.1.2 Robust State Estimation module . . . . ... ... ... ..... 280
10.1.3 Intelligent Decision Support System . . . . ... ... ... ... 284
10.1.4 Collision Avoidance Manoeuvre module . . . .. ... ... ... 286
10.1.5 Automated Catalogue Screening module . . . . . . ... ... .. 286

10.2 Robust decision-making based on Bayesian state estimation framework . 292
10.2.1 Study case

.............................. 293
10.3 Robust catalogue screening . . . . . . ... 302
10.3.1 Pipeline . . . . . . . ... 303
10.3.2 Study case . . . . . . .. e 308
10.4 Chapter summary . . . . . . . . . i vt 313
11 Conclusion 315
11.1 Recommendations . . . . . . . . . . . . ... 324
1l Appendices 329
A Dilution-free metrics 330
A.1 Dilution of probability and epistemic uncertainty . . . ... .. .. ... 331
A.2 Red Plausibility of Collision . . . . ... ... ............... 332
A.3 Blue Plausibility of Collision . . . ... ... ... ... ......... 334
A.4 Comparisonof metrics . . . . .. .. .. ... .. .. .. . . o 334
A.5 Introduction to dilution-free robust conjunction assessment . . . .. .. 337

B Geometries for conjunction classes 340

Robust Al for STM Luis Sanchez Ferrandez-Mellado X



Contents

C Algorithms for robust optimal collision avoidance manoeuvres 347
C.1 Min-max impulsive optimisation algorithm . . . . . . .. ... ... ... 347
C.2 Min-max impulsive magnitude optimisation algorithm . . . . ... ... 349
C.3 Low-thrust collision avoidance manoeuvre optimisation. . . . . ... .. 351
C.3.1 propellant saving optimisation: acceleration reduction . . . . . . 352
C.3.2 propellant saving optimisation: burning-time reduction . . . . . 352
D Machine learning hyperparameters 353
Bibliography 358

Robust Al for STM Luis Sanchez Ferrandez-Mellado Xi



List of Figures

2.1
2.2
2.3
2.4
2.5
2.6

3.1

3.2

3.3

3.4

3.5

3.6

General structure of single-layer ANN model. . . . ... ......... 31
General structure of a single Decision Tree. . . . . ... ... ... ... 33
General structure of a Random Forest. . . . . . ... ... ... ..... 34
Example of 4-Nearest Neighbour. . . . . . .. .. ... ... ....... 35
Example of Support Vector Machine. . . . . ... ... .. ... ..... 36
Scheme of the Light Gradient Boosting machine process. . . . . ... .. 37

Dilution of probability when increasing the standard deviation, for dif-

ferent values of miss distance. . . . . . .. ... ... ... ... ... .. 48
Flattening of the Normal Distribution curve when the standard deviation
increases, causing the dilution of probability. . . . . ... ... ... .. 49
Dempster-Shafer structures for and : plausibility (solid lines) and

belief (dashed lines). (a) and (b): intervals equally reliable; (c) and (d):
intervals non equally reliable. . . . . ... ... ... ... . ... ... 55
Joint body of evidence for and with each FE's bpa if intervals
equally and non-equally reliable, respectively. . . . ... ... ... ... 57
Bel (dash line) and PI (solid line) curves of the PoC. (a) Equally reliable
intervals; (b) one interval being more reliable than the other. . . . . .. 59
Conjunction geometry on the impact plane centred on the chaser. (a)

Sources equally reliable. (b) Sources non-equally reliable. . . . . . ... 63

Robust Al for STM Luis Sanchez Ferrandez-Mellado Xii



List of Figures

3.7 Dempster-Shafer structures for and , before combining sources
(black and green, plausibility in solid lines, belief in dashed lines) and
after combining sources with Dempster's rule (pink shaded region) and
mixing rule (dashed-pointed line, blue equally reliable, red non-equally
reliable): (a) and (b) sources equally reliable; (c) and (d) sources non-
equally reliable. . . . . . . . .. ... . 64

3.8 Representative scenario of a single case Gfeo. 1. (a) encounter geom-
etry, (b) the associatedBel and Pl curves. . . . . ... ... ....... 70

3.9 Histograms comparing criterion using (a) only the value of PoC and (b)
the evidence-basedCriterion 1. Each colour represents the fraction of
samples from each bin on the histogram (a) that moves to one of the
bins on the histogram (b). . . . . . . . ... ... ... L. 71

3.10 Histograms comparing criterion using (a) only the value of PoC and (b)
the evidence-basedCriterion 2. Each colour represents the fraction of
samples from each bin on the histogram (a) that moves to one of the
bins on the histogram (b). . . . . . . . .. .. ... .. .. .. ..., 73

3.11 Histograms comparing criterion using (a) only the value of PoC and (b)
the evidence-basedCriterion 3. Each colour represents the fraction of
samples from each bin on the histogram (a) that moves to one of the

bins on the histogram (b). . . . . . . . .. .. ... . ... . ... ... 75

4.1 Encounter geometry on the impact plane: family of ellipses from (a) a
DSt analysis with one interval per source, (b) sequence of CDMs. . . . . 81
4.2 DKW region for a given set of samples. The width of the region,’, is
indicated. In solid blue the eCDF, in dashed green the DKW bands,
and in dashed-pointed orange the CDF of the equally weighted sum of
Gaussian distributions centred at the samples. . . . . .. ... ... ... 82
4.3 Gaussian distributions centred at the samples for building the eCDF t.
In blue the eCDF, in grey the pdf of individual Gaussian distributions,

and in orange the CDF of the equally weighted sum. . . . . .. ... .. 83

Robust Al for STM Luis Sanchez Ferrandez-Mellado Xiii



List of Figures

4.4 p-box derived from a DKW region. In solid blue the eCDF, in dashed-
green the DKW bands, in dashed-pointed red the p-box, and in dashed
vertical black the 1% and 99% percentiles of the upper and lower p-box
bounds, respectively. . . . . . . ... .. L o 85

45 CDMs tting law: (a) y°= e 3’ (thick red line) and the dimensionless
covariance determinant for some sequences of CDMs (thinner lines), (b)
Fitted law (dashed-pointed red) of a single sequence of CDMs (dashed-
pointed black). . . . . . . ... 87

4.6 eCDF for weighing the samples (blue) and with samples equally
weighted (dashed red). . . . . . . .. .. .. .. .. ... L 88

4.7 Intervals partition derived from a p-box. In solid blue the eCDF, in
dashed-pointed red the p-box, in thin dotted blue and grey the alpha-
cuts (1 and 7 cuts, respectively), in dashed blue the 2 intervals partition,
in dashed black the 8 intervals partition. . . . . . ... ... ... .... 89

4.8 Joint Body of Evidence with arti cially generated FEs (top-left and
bottom-right ones) not containing any sample (black dots). . . . .. .. 90

4.9 Sequence of CDMs. (a) Evolution of the PoC in the CDMs. (b) Uncer-
tain geometry from the seriesof CDMs. . . . . . . ... .. ... .... 91

4.10 CDMs weighting law for the whole sequence. (a) Evolution of covariance
determinant (black) and tting law (red). (b) CDM weighting versus the
timetothe TCA. . . . . . . . 93

4.11 eCDF (solid blue), p-box (solid green) and Dempster-Shafer structure
(pointed-dashed red) from where obtained the intervals for (a) and
(D) 2. . 94

4.12 Pl and Bel curves forPoC P oG, for 4-intervals partition. . . . . . .. 95

4.13 Pl and Bel curves forPoC P o0Cy with 4-intervals partition for three
di erent values of the con dent interval:  =0.001 (red), =0.5% (blue),

=0.999% (DIACK). .« .« e 97

Robust Al for STM Luis Sanchez Ferrandez-Mellado Xiv



List of Figures

4.14 eCDF (solid blue) and DKW region (dashed lines) of for three dif-

ferent values of the con dent interval: =0.001 (black), =0.5% (green),

=0.999% (red). . . . oo 98
4.15 eCDF (dashed blue), p-box (dashed-pointed green) and Dempster-Shafer

structure (solid lines) for  for dierent -cut partitions: black for one

cut, red for three cuts, magenta ve cuts, grey for seven cuts. . . . . . . 99
4.16 Pl and Bel curves for PoC P oGy for a di erent number of -cuts

per variable: one (black), two (blue), three (red), four (green), ve (ma-

genta), six (yellow), seven (grey). . . . . . . . . .. . oo 99
4.17 Modi cation on the number of CDMs: whole sequence and half of the

sequence. (a) eCDF and DKW bands: solid blue and solid green for the

whole sequence, dashed red and dashed black for half sequence. Hb)

and Bel curves, black for the whole sequence, and blue for half sequence. 102
4.18 Pl and Bel curves for PoC PoCy with 4-intervals partition with

(black) and without (blue) removal of FEs not containing any sample. . 103
4.19 eCDF and DKW bands weighting the samples (solid blue and dashed

green, respectively) and not weighting them (dashed red and dashed

black, respectively). (a) and(b) 2. ... .. ... . ... ... .... 105
4.20 Pl and Bel curves for PoC PoCy with 4-intervals partition with

(black) and without (blue) weighing the CDMs. . . . . . ... ... ... 106
4.21 Sequence of CDMs, including the poor quality ones. (a) Evolution of the

PoC in the CDMs. (b) Uncertain geometry from the series of CDMs. . . 107
4.22 Dempster-Shafer structures with and without poor-quality CDMs, eCDF

in solid blue and dashed red, DKW in solid green and dashed black,

respectively. (@) , (b) 2. Orange circle highlighting the region with

the poor-quality CDMs. . . . . . . . . . . ... .. 108
4.23 Pl and Bel curves for PoC P0Gy for 4-intervals partition account-

ing for the poor quality CDMs. Black, only good quality CDMs; blue,

including the poor quality CDMs. . . . . . . . . ... ... ... ..... 109

Robust Al for STM Luis Sanchez Ferrandez-Mellado XV



List of Figures

5.1

5.2
5.3

5.4

5.5

5.6

5.7

5.8

5.9

5.10

General con guration of a space encounter.Two orbits in a collision path
(blue and green) and the modi ed orbit due to a CAM (purple). . . . . 113
Impact plane of the encounter centred at the secondary object. . . . .. 115
CAM strategy for the LT scenario, with burning time between 0 and

mf » thrust magnitude and direction , and the encounter at .. . .. 121
Manoeuvre geometry, with orbit in blue, manoeuvre in orange and ma-
noeuvre anglesinred. . . ... ... . .. .. .. ... e 125
Components of the unit vector oot = [ % ¥ 4] parallel to the
optimum impulse, Vvgpt, as a function of the angular di erence between
manoeuvre and encounter, = . . Black, using the linear model;
red, using the grid search. . . . . . ... ... ... .. .. ........ 126
Secondary object's position ellipsoid of uncertainty at the initial epoch.
Thick green line: trajectory; orange arrow: position vector; black arrow:
velocity vector; green thin line: ellipsoid. . . . . . ... ... ... .... 128
Representation of the e ect of the epistemic parameter . Purple: aleatory
uncertainty ellipsoid. Pink arrows: compatible displacements due to
Compatible ellipsoid shrink/augmentation dueto .. ... .. ... .. 129
Encounter geometry at the impact plane with two sources of information
providing uncertain (aleatory and epistemic) information. Red triangle:
nominal position. Blue and green: samples and ellipses of Source 1 and
Source 2, respectively. Orange: HBR. . . . .. ... ... ... ..... 131
Evolution of the direction of the optimal impulse, ¥, as a function of
the position of the manoeuvre, . Solid line: with optimisation of the
magnitude of the impulse; points: without optimisation of the magni-
tude. Both cases coincide. Red: tangential component; blue: normal
component; green: out-of-plane component. . . . ... ... ... .. .. 132
Evolution of the impulse magnitude as a function of the position of the
manoeuvre, . Red solid line: impulsive magnitude optimised; blue

dashed line: without optimising the impulse magnitude. . . . . .. ... 132

Robust Al for STM Luis Sanchez Ferrandez-Mellado XVi



List of Figures

5.11 Evolution of worst-case scenario PoC with the position of the manoeuvre,
. Red, with impulse magnitude optimisation. Blue, without optimis-
ing the impulse magnitude. Solid lines: worst-case scenario. Dashed
lines: the worst-case PoC among 20 ellipses per source randomly drawn
from the intervals. Dashed-dotted black line, PoC threshold.. . . . . .. 133
5.12 Worst-case scenario uncertain variables evolution with respect to the
di erence between encounter and manoeuvre positions, . From left
to right and top to bottom: : ;2 2 . Red solid line: with
impulse magnitude optimisation; blue solid line: without impulse mag-
nitude optimisation. Horizontal dashed line: lower bound; horizontal
dashed pointed: upper bound. Black: Source 1; green: Source 2. . ... 133
5.13 Uncertain ellipses displaced by an impulse applied at 3.5 revolutions
before the encounter. Blue and green dashed lines: uncertain ellipses
according to the linear model; purple and black solid lines: uncertain
ellipses according to the MC simulation. Red dashed circle centred at
the origin: HBR (position highlighted with indicative arrow). Triangles
(position highlighted with indicative arrows): displaced nominal posi-
tion, red for linear model, black for MC simulation. Note that the good
agreement of both methods makes the MC ellipses (solid) and CAM
linear method ellipses (dashed) overlap. Same with the nominal miss
distance positions (triangles). . . . . . . .. ... L oL 134
5.14 (@) Evolution of the de ection due to the robust optimal CAM. Red lines:
MC simulation, solid for , dashed for . Dots for the linear model: in
green, ; in blue, . (b) Evolution of the PoC due to the manoeuvre:
solid red line for MC simulation; blue dots for the linear model. . . . . . 135
5.15 PoC evolution versus the di erence in true anomaly between the mid-
point of the Low-Thrust manoeuvre and the encounter. Blue: max-
imum thruster capacity and arc-length. Red: optimised acceleration
magnitude. Green: optimised arc-length. Solid lines: optimal direction.

Dashed line: tangential manoeuvre. . . . . . . ... ... ... ...... 136

Robust Al for STM Luis Sanchez Ferrandez-Mellado XVii



List of Figures

5.16 Acceleration magnitude evolution versus the di erence in true anomaly
between the mid-point of the Low-Thrust manoeuvre and the encounter.
Blue: maximum thruster capacity and arc-length. Red: optimised ac-
celeration magnitude. Green: optimised arc-length. Solid lines: optimal
direction. Dashed line: tangential manoeuvre. . . . . . . ... ... ... 137
5.17 Burning time evolution versus the di erence in true anomaly between
the mid-point of the Low-Thrust manoeuvre and the encounter. Blue:
maximum thruster capacity and arc-length. Red: optimised acceleration
magnitude. Green: optimised arc-length. Solid lines: optimal direction.
Dashed line: tangential manoeuvre. . . . . . . . . .. ... ... ..... 137
5.18 Equivalent velocity change to the di erence in true anomaly between
the mid-point of the Low-Trhust manoeuvre and the encounter (=
¢ m). Blue: maximum thruster capacity and arc-length. Red: opti-
mised acceleration magnitude. Green: optimised arc-length. Solid lines:
direction of the impulse according to the proposed algorithm. Dashed
line: tangential manoeuvre. Black dashed line: velocity change used on

the hypothetical impulsive manoeuvre. . . . . . . ... ... ... .... 138

6.1 TOPSIS ideal solutions given the set of alternativesA = fAq;:::; Agg,
evaluate on criteria C; (Benecial) and C, (Cost). . . . ... ... ... 148

6.2 Criteria score versus the number of the alternative or, equivalently, the
distance between manoeuvre and encounter. Blue, PoCR (bene cial

criterion); green, ManC (cost criterion); ref, OpC (cost criterion). . . . . 155

7.1 Pl and Bel curves with the relevant classi cation parameters indicated:
P0Cy, PoC(Plo), Plg, PI(P0Cp), DoU(P0Co), Apigel- « - - « v v v .. 175
7.2 Evolution of the normalised Ap|.ge| Over time, for Events 1to 4. . . .. 177
7.3 CDM information for example in Scenario #1. High-risk event. (a)
Uncertain ellipses in the sequence of CDMs. Green ellipses correspond
to earlier CDMs, and red ellipses to later CDMs. (b) Evolution of the

PoC in the CDMs (blue solid) and PoC threshold (orange dashed) . . . 180

Robust Al for STM Luis Sanchez Ferrandez-Mellado XViii



List of Figures

7.4 Scenario #1: High-risk event. (a) Combined covariance matrix evolution

(exact and t) and (b) CDM weighting law. . . . . . .. ... ... ... 182
7.5 PI (dashed lines) andBel (solid lines) of the PoC after having received

the whole sequence of CDMs Scenario #1: High-risk event for a di erent

number of -cuts.. . . . . . . . ... ... 183
7.6 Collision risk assessment for Scenario #1: High-risk event. . . . . . .. 184
7.7 CDM information for example in Scenario #2: Low-risk event. (a) Un-

certain ellipses in the sequence of CDMs. Green ellipses correspond to

earlier CDMs, and red ellipses to later CDMs. (b) Evolution of the PoC

in the CDMs (blue solid) and PoC threshold (orange dashed). . . . . . . 185
7.8 Scenario #2: Low-risk event. (a) Combined covariance matrix evolution

(exact and t) and (b) CDM weighting law. . . . . . .. ... ... ... 186
7.9 PI (dashed lines) andBel (solid lines) of the PoC after having received

the whole sequence of CDMs Scenario #2: Low-risk event for a di erent

number of -cuts.. . . .. . .. ... ... 187
7.10 Collision risk assessment for Scenario #2: Low-risk event. . . . . . . .. 187
7.11 CDM information for example in Scenario #3: Uncertain event. (a)

Uncertain ellipses in the sequence of CDMs. Green ellipses correspond

to earlier CDMs, and red ellipses to later CDMs. (b) Evolution of the

PoC in the CDMs (blue solid) and PoC threshold (orange dashed), TCA

(vertical dashed green). . . . . . .. .. .. ... .. .. .. . . 189
7.12 Scenario #3: Uncertain event. (a) Combined covariance matrix evolu-

tion (exact and t) and (b) CDM weighting law. . . . . . ... ... .. 190
7.13 Pl (dashed lines) andBel (solid lines) of the PoC after having received

the whole sequence of CDMs Scenario #3: Uncertain event for a di erent

number of -CUtS.. . . . . . . . . . ... 191

7.14 Collision risk assessment for Scenario #3: Uncertain event. . . . . . .. 191

Robust Al for STM Luis Sanchez Ferrandez-Mellado XiX



List of Figures

7.15

7.16

7.17

7.18
7.19

8.1

8.2

8.3

9.1

9.2

9.3

9.4

CDM information for example in Scenario #4. (a) Uncertain ellipses in

the sequence of CDMs. Green ellipses correspond to earlier CDMs, and

red ellipses to later CDMs. (b) Evolution of the PoC in the CDMs (blue

solid), evolution of the sPoC (dashed-pointed green) and PoC threshold
(orange dashed). . . .. ... .. ... .. ... 194
Scenario #4. (a) Combined covariance matrix evolution (exact and t)

and (b) CDM weighting law. . . . . ... .. ... ... .. .. .. ... 195
Pl (dashed lines) andBel (solid lines) of the PoC after having received

the whole sequence of CDMs Scenario #4 for a di erent number of -cuts.196
Collision risk assessment for Scenario #4. . . . . . . . .. ... ... .. 196
Conjunction event with con icting CDMs: a) evolution of the relative
position distribution on the impact place, b) evolution of the PoC, c) PI

and Bel curves of the whole CDMs sequence. . . . . ... ... ..... 200

Histograms representing the distribution of the sample by Classes: (a)
unbalanced dataset with criterion presented in Chapter 3, (b) unbalanced
dataset with criterion in Table 89. . . . . . ... ... ... ... .... 219
Multi-channel time series synthetic sample for the transformer, including
padding and the padding ag. . . . . .. ... ... ... ... ...... 232
Overall F2 score as a function of the lag window length for the di er-

ent architectures. Solid: train in synthetic evaluated on the synthetic

dataset; dashed: train in synthetic evaluated on the real dataset. . . . . 236

Alternative manoeuvres the multiple-encounter event inExample 1. (a)
Strategy A and Strategy B; (b) Strategy C. . . . . . ... ... ... ... 251
Alternative manoeuvres the multiple-encounter event inExample 2. (a)
Strategy A and Strategy B; (b) Strategy C. . . . . . ... ... ... ... 252
E ect on the risk reduction of the avoidance manoeuvres inExample 1:
(a) Strategy 0 and Strategy 1; (b) Strategy 2 . . . . .. ... ... ... 253
E ect on the risk reduction of the avoidance manoeuvres inExample 2

(a) Strategy 0 and Strategy 1; (b) Strategy 2 . . . . . . ... ... ... 254

Robust Al for STM Luis Sanchez Ferrandez-Mellado XX



List of Figures

9.5 MCDM criteria, their classi cation and their quanti cation for the  One-
vs-Many example. . . . . ... 255
9.6 Dierence in Earth's surface covered between the avoidance case and the
nominal con guration. (a) None satellites returned to the original orbit.
(b) Both satellites returned to the original orbit, only one to the original

slot. (c) Both satellites return to the original slot. . . . ... ... ... 268

9.7 Value of parameters used to compute the MCDM criteria as a function

of the alternatives. a) PoC for the rst satellite’'s encounter, b) PoC for

the second satellite's encounter, ¢) Total v of the alternative, d) total

time of the operation, e) total number of manoeuvres, including CAM

and returning manoeuvres, for both encounters, e) constellation metric. 275
10.1 Modules of CASSANDRA. . . . . . . . . . 279
10.2 ACS One-vs-All mode for truncated sections of the 1-day lookback and

3-day horizon: (a) example of the input, (b) example of the output. . . 290
10.3 Diagram of robust Bayesian pipeline for optimal collision avoidance ma-

noeuvre planning. . . . . . . .. 293
10.4 Impact plane 3 ellipses for collision scenario with observations up to

48h before TCA. . . . . . . . e 297

10.5 Impact plane 3 ellipses for collision scenario with observations up to

24h before TCA. . . . . . . . . e 298
10.6 Impact plane 3 ellipses for collision scenario after CAM. . . . .. ... 299
10.7 Evolution of PoC bounds for collision scenario. . . .. .......... 299

10.8 Impact plane 3 ellipses for no-collision scenario with observations up to
48 h before TCA. . . . . . . . e 300

10.9 Impact plane 3 ellipses for no-collision scenario with observations up to

24 h before TCA. . . . . . . . e e 301
10.10Evolution of PoC bounds for no-collision scenario. . .. ... ... ... 301
10.11Pipeline of the modules to be integrated into thiswork. . . . ... ... 304

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXi



List of Figures

A.1 Encounter geometry and di erent reference frames in the impact plane
used to compute the PoC and the dilution-free metrics. . . . . ... .. 332

A.2 Normalised reference frame in the impact plane used to compute the

A.3 Distance distribution for di erent values of the miss distance. (a) pdf,

(b) CDF. . . e 335
A.4 Evolution of the conjunction assessment metrics with the covariance ma-

trix for dierent values of the covariance matrix (with 9 = 7). (a)

Probability of collision, with dilution region, (b) Dilution-free Red Plau-

sibility of Collision, (c) Dilution-free Blue Plausibility of Collision. . . . 336
A.5 Comparison of the evolution with the covariance matrix for di erent

values of the covariance matrix (with ¢ = ) of the PoC (black) with

the free-dilution metrics (rPloC in red and bPIoC in blue).. . . . . . .. 337

A.6 Uncertain geometry of the encounter use to compute thePl and Bel of

the dilution-free metrics. . . . . . . . .. ... oo 338
A.7 Plausibility and Belief curves for PoC (black), red PloC (red) and blue
PloC (blue). . . . . . . . . e 339

B.1 Representative scenario of a single case &eo. 2: (a) encounter geom-

etry, (b) the associatedBel and Pl curves. . . . . ... ... ....... 341
B.2 Representative scenario of a single case &eo. 3: (a) encounter geom-

etry, (b) the associatedBel and Pl curves. . . . . ... .. ........ 342
B.3 Representative scenario of a single case &eo. 4: (a) encounter geom-

etry, (b) the associatedBel and Pl curves. . . . . . ... ... ...... 343
B.4 Representative scenario of a single case &eo. 5: (a) encounter geom-

etry, (b) the associatedBel and Pl curves. . . . . ... ... ....... 344

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXii



List of Tables

3.1 FE with the associatedbpa (for intervals equally and non-equally reli-
able) and the minimum and maximum PoC oneach FE. . . . . ... .. 58
3.2 Intervals provided by sources with their bpa before and after being com-
bined with the mixing rule for the equally reliable (upper tier) and non-
equally reliable (lower tier) cases. . . . . . . . ... ... ... ...... 64
3.3 Evidence-based conjunction classi cationCriterion 1. . . .. .. .. .. 67
3.4 Bounds for upper and lower limits of the uncertain variables' intervals

( pand ) for each geometry set. The rst row represents the bounds

for Source 1 and the second row for Source 2. Units in meters. . . . .. 68
3.5 Classication thresholds. . . . . . ... ... .. ... .. ......... 69
3.6 Evidence-based conjunction classi cationCriterion 2. . . . .. ... .. 72
3.7 Evidence-based conjunction classi cationCriterion 3. . . . . . ... .. 74

4.1 Computational time (in seconds) of the CARA analysis provided the

sequence of CDMS. . . . . . . . . . . e 95
4.2 Computational time of obtaining the Pl and Bel curves (in seconds) for

di erent values of -cuts and the percentage of FEs removed. . . . . . . 100
4.3 Computational time of obtaining the Pl and Bel curves (in seconds)

when removing FEs or not, and the percentage of FEs removed for dif-

ferent values of -cuts. . . . . . . . . . ... 103

5.1 Primary and secondary objects' nominal Keplerian elements at encounter

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXxiii



List of Tables

5.2

5.3

5.4

5.5

5.6

5.7

6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8
6.9
6.10

6.11

7.1
7.2

Secondary object's covariance matrix (assumed diagonal) on the Keple-
rian elements at encounter time. . . . . . ... ... oL 125
Linear model errors with respect to the grid search value for the unit
vector, ¥opt, parallel to the direction of the optimal impulse, vop. . . 126
Initial Keplerian elements of both objects for the optimal robust CAM

under aleatory and epistemic uncertainty. . . . ... ... ........ 127
Secondary object's position initial uncertainty. The aleatory uncertainty

is modelled with a multivariate Normal distribution, while the epistemic
uncertainty is modelled with the interval-valued parameter . . .. ... 130

Bounds of the sources' intervals for the uncertain variables on the impact

plane. . . ... e 130

Parameters employed for the optimal LT CAM computation. . . . . .. 136

Top-10 alternatives in the collaborative case Scenario 1. . .. .. .. .. 156
Top-10 alternatives identi er in the collaborative case Scenario 1. . . . . 157
Top-10 alternatives in the collaborative case Scenario 2. . . .. ... .. 157
Top-10 alternatives identi er in the collaborative case Scenario 2. . . . . 158
Top-10 alternatives in the collaborative case Scenario 3. . . . .. .. .. 159
Top-10 alternatives identi er in the collaborative case Scenario 3. . . . . 159
Top-10 alternatives in the collaborative case Scenario 4. . .. .. .. .. 160
Top-10 alternatives identi er in the collaborative case Scenario 4. . . . . 160
Objects' Keplerian elements at initial epochtg. Units in km and deg. . . 161

Uncertain encounter geometry with 2 sources providing information. Up-

per and lower bound of the components of miss distance and covariance
matrix in the impact plane. . . . . ... ... ... ... L. 162
PoC threshold and maximum impulse capacity of each satellite involved

in the encounter for the two cases considered. . . . ... ... ... ... 162

Evidence-based classi cation criterion using the area between the curves. 174

Threshold values. . . . . . . . . . . . 178

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXiV



List of Tables

7.3 Results from the statistical analysis on the SWARM-A mission, with the
SDO approach and the evidence-based approach. Threshold? oCy =
10 4T = 3 days, T» = 5 days, Plg = 1=243. Partition with 2 -cuts
per variable. Upper tier: Ay = 0:1 (Ag = 3); middle tier: Ay = 0:5
(Ap = 15); lower tier: Ag=0:8 (Ap=24). . . . . .. .. ... .. .... 198

8.1 Bounds for the upper and lower values of the [y; y]and [ x; y] uncer-

tainty intervals for each of the set of geometries used for creatindB ».

The rst row represents the limits for Source 1 and the second row for

SOUICE 2. . . . o 205
8.2 Overall accuracy and precision and recall by classesSystem 1 trained

with DB 11 and tested with DB 15. The best technique is underlined. . . 208
8.3 Overall accuracy and precision and recall by classesSystem 1 trained

with DB ;1 and tested with DB 2. The best technique is underlined. . . 209
8.4 Overall accuracy and precision and recall by classesSystem 2 trained

with DB 11 and tested with DB 15. The best technique is underlined. . . 209
8.5 Overall accuracy and precision and recall by classesSystem 2 trained

with dataset DB 11 and tested with dataset DB ,,. The best technigue

isunderlined. . . . . .. ... 210
8.6 Overall accuracy and precision and recall by classesSystem 2 trained

with training dataset DB ,; and tested with dataset DB ,,. The best

technique is underlined. . . . . . .. .. ... ... ... .. .. ... 211
8.7 Training time (in seconds) for the best settings of each method applied

to eachSystem . . . . . . . . ... 211
8.8 Running time (in seconds) for prediction over Validation Set for the best

settings of each method for eactSystem . . . . . . ... ... ... ... 212
8.9 Manoeuvre-driven epistemic classi cation criterion. . . . . . .. ... .. 214
8.10 Intervals from which the primary object's nominal initial Keplerian ele-

ments were obtained. . . . . . ... 215

8.11 Intervals from which the nominal encounter geometry variables were ob-

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXV



List of Tables

8.12 Intervals from which the bounds of the epistemic parameters and

per each geometry con guration were obtained. The upper and lower

bounds of and are taken randomly from and , SO0 that
2 and 2 e 217
8.13 Parameters employed to obtain the dataset. . . . . ... ... ...... 217

8.14 Performance of the best models for predicting the close evetlass The

best technique is underlined. . . . .. ... ... ... .. ........ 221
8.15 Comparison on computational time for the risk assessment: using the

ICS (left) against computing the actual values of the variables involved

on the criterion (right). The time is giveninseconds. . . . . . .. .. .. 222

8.16 Boundaries of the parameters used to generate the synthetic database of

virtual encounters. . . . . ... 225
8.17 Class distribution on the three databases, in percentage. . . . .. .. .. 226
8.18 Class distribution on the training and test sets, in percentage. . . . . . . 227

8.19 Set of hyperparameters considered to select the best model during the
RFEtraining. . . . . . . . . . e 229
8.20 Synthetic samples with lag step 1 used by the LGBm architectures and
the RF with CDM approach. The Class; 1 columns would be used only
by the autoregressive LGBm method. Units inm, m? and days. . .. . 230
8.21 Set of hyperparameters considered to select the best model during the
LGBmtraining. . . . . . . . . . 231
8.22 Set of hyperparameters considered to select the best model during the
transformer training. . . . . . . . . .. ... e 233
8.23 F2-score of the best model of each architecture trained on the synthetic
set. Upper-tier, models evaluated on the corresponding test set (syn-
thetic on left, real on right), lower-tier, models evaluated on the real
dataset not used for training. In bold, the model with the highest over-

all F2-score on each database. Underlined, the best F2-score by class. . 234

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXVi



List of Tables

8.24

8.25

9.1

9.2

9.3

9.4

9.5

9.6

9.7

9.8

9.9

F2-score of the best model of each architecture trained on one of the

real sets. Upper-tier, models evaluated on the corresponding test set
(synthetic on left, real on right), lower-tier, models evaluated on the real

dataset not used for training. In bold, the model with the highest overall
F2-score on each database. Underlined, the best F2-score by class.. . . . 237
Computational time (in seconds) for robust CARA with and without

using Al techniques. . . . . . . . . . . ... 238

Nominal Keplerian elements at the initial time for the subsequent-encounters
SCENANIO. . . . v i 245
Secondary object's initial uncertainty. Aleatory uncertainty as a 3D
Gaussian distribution on the <T,N,H> reference frame. Epistemic un-
certainty with the epistemic parameters, 1 and », provided by two
sources of information. . . . . ... ... . L L 246
Bounds of the two sources' intervals for the uncertain variables on the
impact plane of the two encounters and bounds of the intervals of the
associated PoC forExample 1 . . . . . . ... ... ... ... 248
Bounds of the two sources' intervals for the uncertain variables on the
impact plane of the two encounters and bounds of the intervals of the
associated PoC forExample 2 . . . . . . .. ... ... oL 249
Weight distribution for the two analysed scenarios, for Example 1 and
Example 2 . . . . . .. 257
Top-10 alternatives for the two scenarios using the three MCDM methods
considered forExample 1 . . . . . . . ... 257
Top-10 alternatives for the two scenarios using the three MCDM methods
considered forExample 2 . . . . . . ... L L L 258
Number of common alternatives ranked among the top-10 between pairs

of methods. . . . . . . . . .. 259
Uncertain encounter geometry for the rst encounter: upper and lower
bound of the components of miss distance and covariance matrix in the

impactplane. . . . . . . . .. .. e 263

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXVil



List of Tables

9.10 Uncertain encounter geometry for the second encounter: upper and lower
bound of the components of miss distance and covariance matrix in the
impactplane. . . . . . . ... .. e 264

9.11 Alternatives as a function of the CAM execution position ( mi), mea-
sured as the angular distance to the encounter, and the returning strat-
egy (Sij). . . . . 265

9.12 Weight distribution along the criteria for the di erent subscenarios. . . . 269

9.13 Top 5 alternatives in Subscenario 0 for the 8 combinations of MCDM
methods and normalisation techniques along with the combined ranking
With Gop =5. . . . . o o 269

9.14 Top 5 alternatives in each subscenario withgyop =5. . . . . . . .. . .. 270

10.1 Bounds on the initial orbital parameters of the orbits used to train the

One-vs-All mode of the ACS. . . . . . . . . ... ... . .. . ...... 289
10.2 Objects orbital elements from NORAD TLEs. . . . . .. ... ... ... 294
10.3 1 position (r) and velocity (v) uncertainty of TLEs for orbits with

e < 0:1,i> 60 deg, perigee altitude 800 km, in radial (U), transversal

(V), and normal components (W). . . . . .. ... .. ... ....... 295
10.4 IDSS thresholds values for the RSE-IDSS-CAM implementation. . . . . 296
10.5 Bayesian agent performance for di erent conjunction scenarios. . . . . . 302
10.6 The 5 the potential encounters detected by the ACS: All-vs-All. . . . . . 309

10.7 Initial state vector and uncertainty of objects involved in the rst en-

counter detected by the ACS. Epoch CNESJD 25718.999594907 (31-05-

2020, 23:59:25.00). . . . .. e e 309
10.8 IDSS thresholds values for the robust screening scenario. . . . . ... .. 310
10.9 Bounds output by the RSE if no observations available. . . . . ... .. 311

10.10Bounds output by the RSE when 10 measurements are received. The
time to TCA after the last observationislday. . . ... ......... 311

10.11List of ranked possible manoeuvres, expressed in the satellitelsT; N; H >
reference frame. The last column includes theClass,, of the event after

the manoeuvre. . . . . . . . . . 312

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXViii



List of Tables

B.1 Classi cation distribution (in percentage) by sets using a criterion based

only on PoC value and using E-b Criterion 1. . . . .. ... ... .. .. 345
B.2 Classi cation distribution (in percentage) by sets using a criterion based

only on PoC value and using E-b Criterion 2. . . . . ... .. ... ... 345
B.3 Classi cation distribution (in percentage) by sets using a criterion based

only on PoC value and using E-b Criterion 3. . . . . ... ... ..... 345

D.1 Hyperparameters of the best model of each technique on each of the four
training scenarios in Section 8.1. . . . . ... ... ... ... 354
D.2 Hyperparameters of the best model of each technique on the example in
Section 8.2. . . .. 355
D.3 Hyperparameters of the best model of each technique trained on the

synthetic and in the real databases in Section 8.3.. . . .. ... ... .. 356

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXiX



List of Algorithms

C.1 Impulsive for robust optimal CAM with constant magnitude. . . . . . . . 348
C.2 Impulsive robust optimal CAM with optimised magnitude. . . . . . . .. 350
C.3 LT robustoptimal CAM. . . . . . .. .. .. . .. . . . e 351
C.4 LT robust optimal CAM. propellant saving via min. acceleration. . . .. 352
C.5 LT robust optimal CAM. propellant saving via min. burning-time. . . . . 352

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXX



Acronyms

ACE Aerospace Centre of Excellence
ACS Automated Conjunction Screening
Al Arti cial Intelligence

ANN  Arti cial Neural Networks

ATM  Air Tra c Management

Bel Belief

bpa  basic probability assignment

CAM Collision Avoidance Manoeuvre

CARA Conjunction Assessment Risk Analysis

CASSANDRA  Computer Agent for Space Situational Awareness aNd Debris

Remediation Automation
CDF Cumulative Distribution Function
CDM Conjunction Data Message
CNES Centre National D'Etudes Spatiales
CNN Convolutional Neural Networks
DKW Dvoretzky-Kiefer-Wolfowitz
DL Deep Learning
DoU Degree of Uncertainty

DSS Decision Support System

Robust Al for STM Luis Sanchez Ferrandez-Mellado

XXXi



Chapter 0. Acronyms

DSt Dempster-Shafer theory of evidence
DT Decision Tree

eCDF empirical Cumulative Distribution Function
ECI  Earth-Centred Inertial

ESA European Space Agency

ESOC European Space Operations Centre
FE Focal Element

FN False Negative

FP False Positive

GEO Geostationary Orbit

HBR Hard-Body Radius

IAA International Academy of Astronautics
ICS Intelligent Classi cation System

IDSS Intelligent Decision Support System
JAC Java for Assessment of Conjunctions
JSpOC Joint Space Operations Center
KNN K-Nearest Neighbours

LEO Low Earth Orbit

LGBm Light Gradient Boosting machine
LSTM Long/Short Term Memory network
LT Low-Thrust

MAE Maximum Absolute Error

ManC Manoeuvre Cost

ManR Manoeuvre Risk

MC Monte Carlo

Robust Al for STM Luis Sanchez Ferrandez-Mellado

XXXil



Chapter 0. Acronyms

MCDM  Multi-Criteria Decision-Making
MCMDM  Multi-Criteria Multi-Decision-Making
ML Machine Learning

MLP  Multi-Layer Perceptron

MTM Maritime Tra ¢ Management

NASA National Aeronautics and Space Administration
nWSM normalised Weighted Sum Method
OpC Operational Cost

pdf  probability density function

Pl Plausibility

PoC Probability of Collision

PoCR Probability of Collision Reduction
RF Random Forests

RMSE Root Mean Squared Error

RPF Robust Particle Filter

RSE Robust State Estimator

SDO Space Debris O ce

SEM Space Environment Management
sPoC Scaled Probability of Collision

SSA Space Situational Awareness

SST Space Surveillance and Tracking
STM Space Tra ¢ Management

SVM Support Vector Machine

TCA Time of Closest Approach

TLE Two-Line Elements

Robust Al for STM Luis Sanchez Ferrandez-Mellado

XXXiii



Chapter 0. Acronyms

TOPSIS Technique for the Order of Preference by Similarity to the Ideal Solution
TP True Positive

UAV  Unmanned Aerial Vehicles

WPM  Weighted Product Method

WSM Weighted Sum Method

Robust Al for STM Luis Sanchez Ferrandez-Mellado XXXV



Chapter 1

Introduction

The emergence of the New Space, with small satellites, mega-constellations and the

stronger role of the private sector, has brought the necessity of new collision risk as-

sessment approaches. The capacity of the current system to guarantee the safe use

of space will soon be overwhelmed by the new context and, thus, a more robust and

automated system will be required. This research aims to propose new method-

ologies to deal with the increase in tra ¢ and the characteristics of the new

spacecraft and constellations to ensure and manage the sustainable use of

space by the di erent agents involved in the space sector. This is achieved

by addressing the need for robustness and automation in Space Tra ¢ Man-

agement required to guarantee safe operations in space. In this research, a

new methodology is introduced to automatise and speed up Space Trac

Management using Arti cial Intelligence to support operators in the robust

decision-making process.  Articial intelligence technologies were used to enable

automation and uncertainty quanti cation methods, modelling both aleatory and epis-

temic uncertainty, were developed to make possible robust space tra ¢ management.
Automation in Space Tra ¢ Management (STM) is a necessity due to the changes

in the space environment. Machine Learning (ML) techniques have been started to

be applied in the space eld, and more speci cally, in the space safety area to help

automate and speed up some processes. Similarly, addressing uncertainty in a more

complex environment is becoming paramount to ensure the safety management of the
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Earth's orbital region. This work proposes improvements in both elds and combines
them to create a more exhaustive framework to address STM problems, accounting for

epistemic uncertainty and enhancing automation.

1.1 Research objectives and contributions
Based on the rationale presented before, the main objectives of this thesis are:

" Improve robustness of STM by accounting for epistemic uncertainty and integra-

tion its quanti cation in the conjunction assessment decision-making process.

Capture the di erent sources of uncertainty a ecting conjunction communication

standards (i.e. Conjunction Data Messages (CDMs)).

Account for aleatory and epistemic uncertainty in the design of a Collision Avoid-

ance Manoeuvre (CAM) and the decision-making process.

Devise a methodology to use Arti cial Intelligence (Al) to automate STM.

From the list of objectives detailed above, the contributions of this thesis to achieve

them are:

" Implementation of a revised collision risk model that accounts for epistemic un-

certainty on the objects' position:

{ Development of an evidence-based framework to perform collision risk as-
sessment accounting for aleatory and epistemic uncertainty using Dempster-

Shafer theory of evidence (DSt).

{ Analysis of the robustness of the system accounting for several sources of
uncertainty, implementing a data fusion process to fuse the risk of collision

with other relevant quantities.

{ Development of an epistemic-based classi cation criterion for supporting op-

erators in close encounters decision-making.
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{ Development of a methodology to model missing sources of epistemic uncer-

tainty on the CDMs and its integration in the evidence-based framework.

" Development of a methodology to automatically generate optimal and robust
CAMs and support the avoidance decision-making under di erent conjunction

scenarios.

{ Development of a methodology to compute robust collision avoidance ma-
noeuvres under aleatory and epistemic uncertainty for the impulsive and the
low-thrust scenarios.

{ Implementation of an approach to support the decision-making on the exe-
cution of the robust CAMs, both in the cooperative scenario using a Multi-
Criteria Decision-Making (MCDM)-based approach and in the non-cooperative
case employing Game Theory.

{ Generalisation of the methodology to cope with multiple-encounter events,
both for subsequent encounters of a single satellite and for simultaneous

encounters within a constellation.

" Development of a methodology which uses Al to provide robust decision support

to operators and enables robust automation of STM.

{ Study of di erent ML and Deep Learning (DL) techniques to classify close
encounters events according to the con dence on their risk accounting for
aleatory and epistemic uncertainty, creating faster surrogate models of the
evidence-based framework.

{ Development of a prototype modular system integrating the proposed method-
ologies to automatise conjunction risk assessment and provide robust support

to operators.
" Validation of the developed methodologies and tools to real scenarios.

{ De nition of realistic scenarios based on real encounter events.

{ Development of tuning methods for the parameters and threshold introduced

in the evidence-based framework conjunction analysis.
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{ Comparative analysis between the proposed approach and real operators

procedures on relevant real conjunction scenarios.

{ Statistical comparison of approaches on databases of real satellite missions.

1.1.1 Publications

Part of the content of this thesis was published in journal articles, book chapters, and
conference papers. In the following, the list of publications produced in this research

period is reported.

Journal papers

1. Sinchez, L. and Vasile, M. (2021), \On the use of machine learning and evidence
theory to improve collision risk management"”, Acta Astronautica, Vol. 181, pp.
694-706, https://doi.org/10.1016/j.actaastro.2020.08.004 [Sanchez and
Vasile, 2021c];

2. &inchez, L. and Vasile, M. (2022), \Intelligent decision support for collision
avoidance manoeuvre planning under uncertainty”, Advances in Space Research
Special Issue: Space Environment Management and Space Sustainability, in press,

https://doi.org/10.1016/j.asr.2022.09.023 [Sanchez and Vasile, 2023];

3. S&nchez, L. , Vasile, M., Sanvido, S., Merz, K. and Taillan, C., \Treatment
of epistemic uncertainty in conjunction analysis with Dempster-Shafer theory",

Advances in Space Researglsubmitted [Sanchez et al., 2024].

Book chapters

1. &nchez, L. , Vasile, M. and Minisci, E. (2020), \Al and space safety: collision
risk assessment”, In Schrogl, KU. (edsHandbook of Space Securitypp. 941-959.
Springer, Cham, https://doi.org/10.1007/978-3-030-23210-8_136 [Sanchez
et al., 2020].
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Peer-reviewed conferences papers

1.

Vasile, M. and &anchez, L. (2022), \Robust optimisation of coordinated collision
avoidance manoeuvres in large constellations”, In 11 International Workshop
on Satellites Constellations and Formation Flying (IWSCFF), Milan, Italy, 7-10
June, Paper Number: ThuSOT1.3 [Vasile and Sanchez, 2022].

&nchez, L. , Rodrguez-Ferrandez, V. and Vasile, M. (2023), \Robust classi ca-
tion with belief functions and deep learning applied to space tra ¢ management”,
In 2024 IEEE World Congress on Computational Intelligence (WCCI), Yokohama,
Japan, 30 June - 5 July. Accepted. [Sanchez et al., 2023].

Conferences papers and presentations

1.

Snchez, L. , Vasile, M. and Minisci, E. (2019), \Al to support decision making

in collision risk assessment", 78 International Astronautical Congress (IAC),

Washington DC, US, 21-25 October. Paper number: IAC{19{A6,IP,20,x53728
[Sanchez et al., 2019];

Snchez, L. and Vasile, M. (2020), \On the use of machine learning and evidence
theory to improve collision risk assessment”, 2¢ IAA Conference on Space Sit-
uational Awareness (ICSSA), Washington DC, US, 14-16 January [Sanchez and
Vasile, 2020b];

. @anchez, L. and Vasile, M. (2020), \Al for autonomous CAM execution", 715

International Astronautical Congress (IAC), The Cyber Space Edition, 12-14 Oc-
tober. Paper number: IAC{20{A6,2,12,x58045 [Sanchez and Vasile, 2020a];

. Greco, C., &nchez, L. and Vasile, M. (2021), \A robust Bayesian agent for

optimal collision avoidance manoeuvre planning”, & European Conference on

Space Debris, ESA/ESOC, Darmstadt, Germany, 12-14 April [Greco et al., 2021];

. @nchez, L. and Vasile, M. (2021), \CASSANDRA: Computational Agent for

Space Situational Awareness aNd Debris Remediation Automation”, Stardust-
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R { Second Global Virtual Workshop (GVW-II), Darmstadt, Germany, 13-17
September [Sanchez and Vasile, 2021a];

6. @&nchez, L. and Vasile, M. (2021), \Constrained optimal collision avoidance
manoeuvre allocation under uncertainty for subsequent conjunction events", 72
International Astronautical Congress (IAC), Dubai, EAU, 25-29 October, Paper
number: IAC-21,A6,IP,9,x64861 [Sanchez and Vasile, 2021b];

7. @anchez, L. , Stevenson, E., Vasile, M., Rodrguez-Ferrandez, V. and Camacho,
D. (2022), \An intelligent system for robust decision-making in the all-vs-all con-
junction screening problem"”, 39 IAA Conference on Space Situational Awareness

(ICSSA), Tres Cantos, Madrid, Spain, 4-6 April [Sanchez et al., 2022a];

8. Hallgarten la Casta, M., Sanchez, L. , Amato, D. and Vasile, M. (2022), \Non-
linear set propagation with generalised equinoctial orbital elements”, 8" Interna-
tional Workshop on Key Topics in Orbit Propagation Applied to SSA (KePASSA),
Logrofo, Spain, 22-24 June [Hallgarten la Casta et al., 2022];

9. &nchez, L. , Vasile, M. and Taillan, C. (2022), \Close encounter decision-
making: comparing CASSANDRA and CNES operational processes”,® Star-
dust Final Conference (STARCON-2), ESA/ESTEC, Noordwijk, The Nether-
lands, 7-11 November [Sanchez et al., 2022b].

1.1.2 Thesis structure

The thesis is structured in two parts and two additional chapters for the State of the
Art and the Conclusions. Part | includes the theoretical and methodological devel-
opments related to the use of DSt on conjunction risk assessment, providing robust
decision-making, and computing robust CAMs in single and multiple encounters. Part
Il contains advanced applications of those methods on STM challenges, including the
use of Al techniques to the theoretical developments.

Chapter 2 presents the current State of the Art on Space Tra ¢ Management ap-

proaches and e orts to account for uncertainty, both aleatory and epistemic. It also
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shows previous works done towards the automation of STM tasks and the pioneering
works on the use of Al for space safety.

In Part I, Chapter 3 presents a robust classi cation system to evaluate the risk
of close encounters accounting for aleatory and epistemic uncertainty. While aleatory
uncertainty is commonly modelled in space objects' state vectors and close encounter
analysis, epistemic uncertainty is usually overlooked. An evidence-based framework
using DSt is proposed to model both types of uncertainty and provide the operators
robust support in the decision-making process. Chapter 4 extract the epistemic un-
certainty implicit on the sequence of CDMs, capturing missing sources of uncertainty
(probabilistic model, dynamic model, observations) to integrate this commonly used
protocol on the DSt-based framework introduced in the previous chapter. Initially,
statistical tools, like empirical Cumulative Distribution Function (eCDF), Dvoretzky-
Kiefer-Wolfowitz (DKW) inequalities and p-boxes, are used to model this uncertainty in
the CDMs, and later, it is inserted into the proposed decision support system. In Chap-
ter 5, the DSt framework is extended to compute robust optimal CAMs, accounting for
aleatory and epistemic uncertainty, to provide the optimal manoeuvre that reduces the
risk of the worst-case scenario. If the evidence-based decision-making support system
suggests to the operator an avoidance strategy should be implemented, the proposed
manoeuvre should account as well for the epistemic uncertainty a ecting the objects'
state vector. A min-max optimisation approach methodology is presented to compute
the impulsive robust optimal manoeuvre. The method is then extended to address
the low-thrust scenario. Finally, in Chapter 6 the robust decision-making problem is
addressed. If an avoidance strategy is required, under the evidence-based framework,
a number of robust optimal solutions may be obtained, by changing some parameters
such as the manoeuvre execution position or its magnitude. The task of the opera-
tor consists of selecting the most appropriate alternative according to some mission
criteria, usually contradictory among them. The proposed approach uses MCDM in
the collaborative scenario (when all agents are expected to follow the same outcome)
and Game theory in the non-collaborative scenario (when other operators' action is

not known in advance and it is not agreed) to proposed an informed ranking of the
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di erence avoidance strategies available.

In Part Il, Chapter 7 applies the robust methodology to real conjunction scenar-
ios. Examples in other chapters are based on simulated encounters mimicking actual
scenarios. In this chapter, events provided by the European and French space agencies
are analysed using the evidence-based approach, and the results are compared with
the decisions made by the actual operators during the real operations of the satellites
involved in the encounters. Chapter 8 proposes di erent intelligent models to enhance
the capabilities of the robust framework introduced in Part I. These models use ML
and DL techniques, like Arti cial Neural Networks (ANN), Random Forests (RF), K-
Nearest Neighbours (KNN), Support Vector Machine (SVM), Light Gradient Boosting
machine (LGBm) or Transformers, to help the automation and speed up the conjunc-
tion risk assessment process. The objective is to quickly propose to the operators the
most suitable action based on the encounter geometry by building a surrogate model
of the evidence-based methodology introduced in previous chapters. In Chapter 9, the
MCDM methodology introduced in Chapter 6 is applied to the multi-encounter sce-
nario. While single encounters are currently the norm in space operations, the increase
in space tra c will raise the chance of multi-event conjunctions. The chapter applies
MCDM techniques to deal with two separate situations: a single satellite facing mul-
tiple encounters, and several satellites belonging to the same constellation facing an
encounter with the same external object. The last chapter of this part of the thesis,
Chapter 10, introduces CASSANDRA, an intelligent agent to deal with STM and Space
Environment Management (SEM) problems automatically, applying Al techniques and
accounting for aleatory and epistemic uncertainty. The chapter introduces some of the
modules compounding the agent, which are based on the methods introduced in previ-
ous chapters, and shows two examples of their integration to solve speci ¢ space safety
problems.

Finally, Chapter 11 summarises the main contributions of the thesis and presents

some possible new research directions.
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1.2 Research funding

This research was funded by the European Space Agency, through the Open Space
Innovation Platform (OSIP): \Idea I-2019-01650: Arti cial Intelligence for Space Tra c
Management".

The research focuses on leveraging Al and ML for STM, aiming to enhance decision-
making processes in collision risk assessment and avoidance.

This project aligns with the Space Safety research line followed by the Aerospace
Centre of Excellence (ACE) at the University of Strathclyde. The ACE carries out
extensive research on planetary defence and the long-term sustainability of the space
environment in combination with Al techniques to enhance automation and speed up
processes. The ACE also research the development of uncertainty quanti cation algo-
rithms applied to orbit propagation and control, with important studies on the quan-

ti cation of epistemic uncertainty.

Robust Al for STM Luis Sanchez Ferrandez-Mellado 9



Chapter 2

State of the Art

The space environment around the Earth has experienced a dramatic change during
the last years and is expected to keep evolving during the mid-term horizon. For
decades, space tra c experienced a constant but steady increase, with space agencies,
governments and communication satellites being the main actors [ESA, 2023b, NASA,
2023]. However, the New Space era [Peterson et al., 2018] is a reality bringing a
plethora of changes, which range from the use of space to the available technologies,
tra ¢ density and operational practises. The space community, adapted to the slower-
growing and less populated environment, will need to adapt to ensure the sustainable
and safe use of space by all new and old actors.

One of the areas greatly a ected by the new situation is Space Tra c Management
(STM) [Muelhaupt et al., 2019]. The International Academy of Astronautics (IAA)'s
Cosmic Study on Space Tra ¢ Management de nes STM as \the set of technical and
regulatory provisions for promoting safe access into outer space, operations in outer
space and returns from outer space to Earth free from physical or radio-frequency
interference" [Contant-Jorgenson et al., 2006]. Currently, the STM system is tailored to
the environment that arose from the Fengyun 1 antisatellite test [Pardini and Anselmo,
2009, Pardini and Anselmo, 2011] and the Iridium 33 - Cosmos 2251 [Nicholas, 2009,
Pardini and Anselmo, 2011] collision in 2007 and 2009, respectively. In this scenario,
the Earth's environment was dominated by space debris and with few space agents

operating a reduced eet of satellites.
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In this context, STM tasks could be handled by human operators since conjunction
alerts occur in a manageable number and conjunction assessment was scarce enough
to be able to dedicate enough time to safely address them. The common approach by
the main space agencies was similar, despite some operational di erences according to
their necessities [Braun et al., 2016, Merz et al., 2017, Newman et al., 2014, Newman
et al., 2019, Laporte and Moury, 2013]. Events surpassing a certain risk threshold,
usually measured with the Probability of Collision (PoC) metric, were short-listed to
be further analysed. If the risk kept high when receiving updated information, the
encounters were classi ed as higher-risk encounters (i.e. High-Interest Events), and
further measures to mitigate the risk were studied. Finally, if an avoidance manoeuvre
was required after the design stage, a go/no-go decision was made in the last days
before the encounter to implement the avoidance action some revolutions before the
conjunction. This process is very time-consuming, requires a lot of human workload
and is based on the constant coordination among departments and operators which are
based on phone calls and emails. Although it has been e ective during the last few
years, it has no scalability capacity [Nag et al.,, 2021] and relies on teams of several
operators to take care of one satellite or a small eet of satellites.

The New Space era is characterised by a shift from a governmental-led space to a
commercial-focused use of space [ESA, 2023b, Peterson et al., 2018]. The rst conse-
quence is the appearance of new actors in a relatively small ecosystem, creating new
relations, a ecting the existing ones and competing for the limited resources. As a
result, during the last years, the launching rate has accelerated dramatically, with an
exponential increase in the number of satellites orbiting the Earth and the total mass
they represent, in contrast with the linear increase seen before [Ailor et al., 2017, Fed-
eral Communications licensing website, 2023]. Only a proportion of those objects cor-
respond to similar systems than already in orbit, i.e. single satellites in the Low Earth
Orbit (LEO) regime. However, the more concerned contributions are represented by
the small satellites and the big constellations [Bastida Virgili et al., 2016b, Lewis et al.,
2017b,ESA, 2023b].

Small satellites have become very popular due to their inexpensive manufacture and
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operation. New companies have specialised in them and new commercial businesses
and research centres have opted to use them for providing low-cost services or research.
Due to their many advantages, they present a number of challenges from the point of
view of safety. Because of their small size, it is usually harder to track them or provide
accurate information on their state. However, despite their size, they represent a threat
to other spacecraft in case of a collision. Moreover, the smaller available space inside
the platform may translate to limited capabilities and a lack of redundancy. In the
case of a conjunction, the spacecraft's capabilities may be restricted, especially when
the event involves a dead object. Similarly, the End-Of-Life actions may be limited,

a ecting the overall space safety. [Lewis et al., 2017b, Radtke et al., 2017b, Lewis et al.,
2014, Bastida Virgili and Krag, 2015]

The other element impacting space safety in this new context is satellite constella-
tions. Although there have been constellations for several decades, they were located in
relatively low-density areas or involved a small number of satellites. Nevertheless, it is
worth noting that the only recorded fatal collision a ecting an operational satellite, the
Iridium 33 - Cosmos 2251 collision, involved a spacecraft in a constellation [Nicholas,
2009]. However, modern constellations are being deployed or are projected to operate in
the LEO region, already occupied by most of the operational satellites, and they include
thousands of satellites, which represent the same order of magnitude as the satellites
placed in orbit during the last 50 years of Space Era [Ailor et al., 2017, Federal Com-
munications licensing website, 2023]. Such an increase in the number of objects and
the fact that they need to operate in a coordinated way puts a lot of pressure on the
current systems that ensure space safety. [Bastida Virgili et al., 2016a, Radtke et al.,
2017a, Peterson et al., 2016, Lewis et al., 2017a, Rossi et al., 2017]

Parallel to the increase in space trac, new technologies have impacted STM
procedures. While in the past, manoeuvres involved mainly chemical propulsion, re-
stricting the operation time to a narrow interval, modern satellites are equipped with
Low-Thrust (LT) propulsion, which involves much longer operation times, potentially
extending for several orbits [Hernando-Ayuso and Bombardelli, 2020, Palermo et al.,

2021,De Vittori et al., 2022]. While more e cient, the orbit correction takes longer and
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is more complex, which directly impacts space safety. First, being a longer operation,
it is harder to compute the new orbit to predict conjunction. Second, if a conjunction
is detected, the available reaction time is smaller. Third, there is a greater e ect on the
knowledge of the spacecraft state's uncertainty [Bernelli-Zazzera et al., 2012, di Carlo
et al., 2019].

Associated with the increase in trac, there is a rise in the number of pieces of
space debris, de ned as \all non-functional, arti cial objects, including fragments and
elements thereof, in Earth orbit or re-entering into Earth's atmosphere. Human-made
space debris dominates over the natural meteoroid environment, except around mil-
limetre sizes" [European Space Agency, 2021c]. Despite mitigation and remediation
policies [ESA, 2023b, Frey and Lemmens, 2017], the trend of space debris fragments
remains rising despite collision among background populations or not-compliant mis-
sions. Adding to that, the improvement in Space Situational Awareness (SSA) and
Space Surveillance and Tracking (SST) capabilities [Haimerl and Fonder, 2015, Fonder
et al., 2017] and the appearance of commercial providers (e.g. LeolLabs, ExoAnalyt-
ics, SlingShot Aerospace) have incorporated newly discovered objects, previously un-
tracked, that now may generate collision alerts with operational spacecrafts [Peterson
et al., 2018].

The combined e ect of these contributions brings the current STM to the limit
[Muelhaupt et al., 2019]. On the one hand, a growth in the space population will imply
an increase in conjunction alerts, both from actual collisions that will require taking
more avoidance or mitigation actions, and false alerts that would saturate operators'
capabilities [Peterson et al., 2018]. On the other hand, more actors are now involved in
operations, SSA/SST and STM activities [Agueda Makt et al., 2021, Simarro Mecinas
et al., 2022]. The current system is adapted to a low-populated environment with ad-
hoc communication and leaving a great e ort of the activities to the operators. The
paradigm change will require a shift on the STM architecture if safety service wants to
be granted for satellites. A much more robust and automated system is required [Nag
et al.,, 2018], where operators deal with a much greater number of satellites, more

similar to well-established systems like Air Tra ¢ Management (ATM) or Maritime

Robust Al for STM Luis Sanchez Ferrandez-Mellado 13



Chapter 2. State of the Art

Tra ¢ Management (MTM) [Contant-Jorgenson et al., 2006].

Several steps should be taken to ensure the long-term employment of space, guar-
anteeing safety for users, without outstriping the STM system capabilities. They can
be grouped into ve di erent actions: policies, remediation, mitigation, robustness and
automation. Policies include all protocols aiming to standardise the line of action under
encounters and regulations to comply with regarding passivation, end-of-life, avoidance
capabilities and responsibilities against other actors [Innocenti et al., 2013, UNOOSA,
2010,IADC, 2022,WEF, 2023,ESA, 2023a]. Mitigation measurements correspond to ac-
tions taken by manufacturers and operators to prevent the proliferation of space debris
during and after the mission: end-of-life procedures and decommissioning, tracking de-
vices, manoeuvre capabilities... [ESA, 2023a, Letizia et al., 2019, Pontijas Fuentes et al.,
2019]. Remediation corresponds to those actions meant to solve the current debris situ-
ation or meant to be used if mitigation actions fail, making Active Debris Removal the
best example in this group [Wormnes et al., 2013, Forshaw et al., 2018, Priyant Mark
and Kamath, 2019,Weeden et al., 2019, Aglietti et al., 2019, Botta et al., 2020, McKnight
et al., 2021, Briesboek et al., 2021, Wijayatunga et al., 2023]. Robustness refers to the
capability to make decisions in an uncertain environment, where not all the informa-
tion is available to the operators or it is partial or in con ict among sources [Newman
et al., 2019, Faucher et al., 2020Agueda Makt et al., 2021, Delmas et al., 2023]. Finally,
automation of STM system is becoming essential due to the growth in the number
of satellites to operate, alerts to evaluate and con ict decisions to make [Nag et al.,
2018, Bastida Virgili et al., 2019, Flohrer et al., 2019]. This research focuses on the last
two groups of actions, robustness and automation. While policy measurement concerns
mainly the less technical aspects, mitigation measurement relates to stages previous to
operations (like satellite and mission design or end-of-life) and remediation mainly af-
fects already dead objects, automation and remediation are related to the operational
stage. This step is critical for the success of the mission, and so is the importance of
robust and automated STM for safe and sustainable operations. Moreover, since those

two areas a ect the same tasks, they can be addressed in parallel, as done in this work.
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2.1 Robustness

Information in the space objects is a ected by uncertainty. Their position and velocity
are never perfectly known, but it is always a ected by a degree of uncertainty and
ignorance coming from the noise in the measurements, the precision of the dynamic
models or the assumptions considered in the description of their movement. This
uncertainty in the position and velocity in uences the level of accuracy and con dence
in the detection of high-risk events. A robust system should cope with the di erent
sources of uncertainty a ecting the conjunction events, give reliable outputs and, at
the same time, provide a quanti cation of the con dence of those outputs.

A robust system should be able to ingest di erent information formats about the
object's position and velocity. Conjunction Data Messaged (CDMs) [CCSDS, 2013]
are the most extended way of communicating conjunction information among opera-
tors and space agents. CDMs consist of a standardised document including information
about the identi cation of the objects involved in a given encounter, additional informa-
tion about the conjunction geometry, including the risk of collision, some information
regarding the observations to determine the state, and the objects' state vector and
associated covariance matrix. They are not the only options, being Two-Line Ele-
ments (TLE) [Celestrack, 2022] another popular way to exchange information on the
satellite position used for conjunction assessment before the appearance of CDM. Al-
though not as popular as CDMs in the present, some operators still use them. However,
these two standards provide products already pre-processed, which makes it hard to
replicate or extract information on uncertainty [Carpenter, 2019]. Thus, operators'
ephemeris and observations are very valuable for Conjunction Assessment Risk Anal-
ysis (CARA), usually involving smaller covariances. With more actors involved in
SSA/SST activities and more telescopes and radars available to collect information, it
is likely that in the near future, raw observations will be more available to operators to
perform conjunction assessment. Thus, a robust STM system should be able to ingest
all these types of information.

Dealing with uncertainty is one of the biggest areas of research in space operations
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and conjunction risk assessment [Poore et al., 2016]. The objects' state vector is never
perfectly known but is always a ected by a level of uncertainty. There are several
sources of uncertainty associated with di erent steps in the process: uncertain pa-
rameters in the models, measurements noise, orbit determination, propagation, wrong
models, or lack of knowledge. [Poore et al., 2016]

There are di erent methods in the eld of Uncertainty Quanti cation to deal with
uncertainty and correctly model it. Uncertainty quanti cation deals with the iden-
ti cation and characterisation of the di erent sources to provide the right model of
the uncertainty a ecting a process (e.g. observation noise. propagation error, model
parameters...). Some authors, especially in the eld of STM tend to use the term uncer-
tainty realism when the models characterising the uncertainty are based on probability
density functions (pdfs), and covariance realism when the pdf follows a Gaussian dis-
tribution [Drummond et al., 2007, Poore et al., 2016]. In this work, this concept is not
considered since, in Uncertainty Quanti cation, whatever the model of uncertainty, it
should converge to the true uncertainty.

In CARA, PoC is used to assess the likeliness of a direct impact in an encounter.
This metric computes the probability of both objects being in the same space region
at a certain epoch, given their state uncertainty distributions [Foster and Estes, 1992].
Usually, it is assumed the event takes place in such a short interval of time that the
fast encounter hypothesis holds [Chan, 2003b, Patera, 2003, Patera, 2006, Slater et al.,
2006, Coppola, 2017,Jones and Doostan, 2016, Vittaldev and Russell, 2016, Hall et al.,
2017], although there are general techniques for distributions not following this hy-
pothesis. The main consideration when assuming the fast encounter hypothesis is that
the position uncertainty follows a Gaussian distribution (the velocity is assumed to be
perfectly known) and the objects follow a rectilinear movement around the point of
closest approach. This allows obtaining the PoC computing a 2D integral to quantify
the weight of the combined density function falling in a speci ed integration region,
which is de ned by the size of the objects, modelled as the combined radius of the ob-
jects' enclose sphere [Alfriend et al., 1999, Chan, 1997,Chan, 2003a,Chan, 2008, Patera,
2001, Alfano, 2005a, Alfano, 2007, Serra et al., 2016].
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The e ects of a poorly quanti ed uncertainty (what some authors refer to as uncer-
tainty or covariance irrealism) are well documented and summarised in [Poore et al.,
2016, Hejduk and Johnson, 2016, Alfano and Oltrogge, 2018]. If assuming Gaussian
distribution as the model of uncertainty, the size of the covariance plays an important
role in the size of the PoC, which experiences a sharp increase with an increase in
the covariance (unless the expected relative position falls within the integration region,
in which case the PoC remains constant), until reaching a maximum, after which the
PoC decreases, a phenomenon known as dilution of probability [Alfano, 2005b, Balch,
2016,Balch et al., 2019, Alfano and Oltrogge, 2018]. In the same way, the orientation of
the covariance has a dramatic impact on the value of the PoC, the more notorious the
more elongated the associated uncertain ellipse is. Finally, the shape of the distribu-
tion itself may be very relevant, which would correspond to a wrong model to quantify
the uncertainty. While the fast encounter hypothesis assumes Gaussian distribution
on the positions, it is well known that propagating an initial position Gaussian dis-
tribution through the non-linear dynamics describing the satellite movement creates a
banana-shape distribution on the nal position [DeMars et al., 2011, Horwood et al.,
2011, Jones et al., 2013, Hallgarten la Casta et al., 2022]. Although this e ect is smaller
compared with the other factors [Poore et al., 2016, Ghrist and Plakalovic, 2012], it
may be important for longer propagation times or when reducing the in uence of the
other e ects.

Di erent e orts exist to improve uncertainty quanti cation. The authors in [Poore
et al., 2016] include some approaches to improve the representation of the covariance
size and orientation. First, they mention the Joint Space Operations Center (JSpOC)'s
methods to improve the covariance matrix due to propagation errors by using scaling
factors: the Dynamic Consider Parameter to compensate for errors in the atmospheric
drag models and a scaling factor accounting for the Root Mean Squared error of the
batch di erential equation. As the authors mentioned, there are criticisms of the later
approach, and in any case, both models try to compensate for missing or wrongly
modelled terms on the dynamics just by increasing the size of the uncertainty. A

similar approach to scale the secondary object's covariance matrix was developed to
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assess conjunction risk on the International Space Station, assuming the errors should
follow a given distribution [Foster and Frisbee Jr, 1998]. This approach also tends
to compensate the limitations on the uncertainty quanti cation with the covariance by
increasing its size and it also adds the assumption that the position errors should follow
a given distribution. A related approach is followed by the Centre National D'Etudes
Spatiales (CNES) [Laporte, 2014a,Laporte, 2014b]. The Mahalanobis distance between
successive covariance matrices is assumed to follow a given distribution, so scaling
factors are computed to modify the covariance size accordingly, computing the so-
called scaled PoC, claiming to be more accurate, at earlier stages of the conjunction
assessment, to estimate the value of the PoC closer to the encounter. However, this
process also relies on the assumption of a speci ¢ underlying distribution for the position
error and assumes the last piece of information to be more trustworthy, as it is used as
the reference when computing the Mahalanobis distance. In [Alfano, 2005b], the use
of the maximum PoC in relation to the covariance variability is studied, proposing the
use of this maximum value instead of the computed one when falling in the dilution
region. However, this approach is criticised in [Hejduk, 2016]. Moreover, this approach
does not intend to avoid or minimise the dilution problem or modify the uncertainty
quanti cation but limits itself to proposing a practical approach for operators.
Furthermore, the use of the PoC as the risk metrics presents some limitations [Car-
penter, 2019]. There also exist statistical concerns on the fact that the PoC is actually
a p-value and if its current utilisation is the most appropriate [Carpenter et al., 2017].
The authors of [Carpenter et al., 2017] highlight the warnings on the use of p-values
in system safety and decision-making through six principles established by the Ameri-
can Statistical Society [Wasserstein and Lazar, 2016]. Thus, according to the rst two
principles, even if assuming the use of the PoC as p-value, this metric would indicate
the compatibility, or lack of it, between the model and the data. Thus, a low PoC
value may be due to low risk or due to poor uncertain quanti cation (where dilution
of probability is a very well-known e ect) and a high value of the metric indicates
the consistency of the data, not necessarily the collision of the objects. Even a well-

characterised covariance will assume some underlying error due to the wrong model
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employed for the uncertainty, and the PoC behaviour will induce a reduction of the
PoC (dilution) when poor quality data are available, even though a big covariance may
be the right approximation of the uncertainty. The third, fth and sixth principles
focus on the inadequacy of using PoC as a stand-alone metric in relation to specic
thresholds (as several operators do [Newman et al., 2014, Merz et al., 2017]) to indicate
a system's risk or to set a decision-making strategy. Also, they indicate that the p-value
needs extra evidence for having a meaningful value (i.e. quality of the sensors), since a
speci ¢ PoC value may not necessarily indicate a high-risk (i.e. awed tracking data).
Finally, the fourth principle addresses the transparency of how the data were obtained,
which directly a ects how the PoC in the CDMs is computed.

Regarding the use of CDMs, they still present some limitations, despite the e orts
to improve uncertainty quanti cation. As mentioned before, according to the fourth
principle in [Carpenter et al., 2017], the data used to derive a p-value should be trans-
parent. However, CDMs are a nal product from which is hard to extract information
on the quality of observations sensors or dynamic models and parameters employed for
propagating the orbits [Carpenter, 2019]. Other concerns point to the lack of guaran-
tee of generating non-positive de nite covariance with the current information provided
within the CDMs. [Carpenter, 2019]

There are some e orts to improve the uncertainty quanti cation on CDMs. In [Reihs
et al., 2017], the authors study the consistency of the covariance matrices included on
the CDM by comparing them with operational mission orbits. Despite the consistency,
they found CDM covariances tend to be quite small, so they propose a scaling factor for
the covariance. In addition to the fact that they did not nd a single scaling factor due
to the mission dependency, this approach may generate problems with the dilution of
probability and simpli es the uncertainty modelling problem to a matter of size. Other
authors proposed methods to predict the next CDMs, either using time-series ML
methods [Pinto et al., 2020, Acciarini et al., 2021] or statistical learning models [Caldas
et al.,, 2023]. Despite the very good forecasting capacities of these proposals, they
still do not address the limitations on the CDMs information and uncertainty models.

Finally, citing [Caldas et al., 2023]: \GMV [a space technology and services company]
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is currently developing an autonomous collision avoidance system that decides if the
current information is enough for the owners/operators to decide, or if they should

wait for another CDM to have more information. However, the techniques used are
not publicly available”. This approach seems to provide operators with a further piece

of information regarding the forecasting approaches, indicating whether more CDMs
are required. However, due to the lack of public information, nho comments on the
uncertainty models can be made.

There is some research that proposes to focus not only on the risk but also on
the consequences of the potential collision, in what is known as consequence metrics
[McKnight et al., 2021]. This metric evaluates jointly the risk of the collision, but also
the consequence it may have on the environment. These consequences are measured
based on the energy of the collision, the mass involved, the location of the collision or
the objects’ manoeuvrability. Thus, a high-risk event with low mass and energy may
be less risky than a lower-probability encounter involving two big pieces of debris in
a frontal trajectory. While providing additional information from the operator point
of view, these approaches do not address directly the uncertainty problem. However,
uncertainty can be treated in a more complete way, modelling more elements of the
problem.

However, a common aspect missed in all the works mentioned above, and partially
responsible for the limitations indicated, is the lack of modelling for the epistemic
uncertainty [Poore et al., 2016]. Uncertainty can be found in two basic forms: aleatory
and epistemic. Aleatory uncertainty, also known as objective, stochastic or Type |
uncertainty, is modelled with probabilistic theory and refers to the process's inherent
uncertainty of its own randomness, and cannot be reduced, but only properly modelled;
while epistemic uncertainty refers to a lack of knowledge of the system and its properties
and can be reduced [Helton, 1997]. It is also known as ignorance or Type I, reducible

or subjective uncertainty.
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2.1.1 Epistemic uncertainty

When it comes to the computation of the probability of collision, it is generally assumed
that all uncertainty a ecting the objects' position is aleatory, and thus, poor quality
information will be assigned a bigger covariance matrix, which leads to the phenomenon
of dilution. The problem with the dilution of probability is the counterintuitive idea
that having poorer-quality data translates into a safer situation. What is wrong in this
reasoning is the aleatory assumption. The satellite position does not follow a random
event. While some steps may introduce some random error, some of the uncertainty is
associated with a lack of knowledge of the sensors or model parameters. This di er-
ence in the type of uncertainty within the conjunction assessment context is very well

illustrated in the example provided in [Balch et al., 2019]:

\For example, suppose two satellites were known, with certainty, to be on
a collision course, and the satellite operator could only impart an impulse
of random magnitude in a random direction [...] If the mean of this distri-
bution were the null vector, [...] then the higher the variance of the added
impulse, the bigger the resulting perturbation and hence the smaller the
resulting probability of collision. In this example, the mean of the resulting
trajectory distribution would still have the satellites on a collision trajec-
tory, but [...] higher variance in a satellite’s trajectory really does reduce
the risk of collision. However, it is a variance in the trajectory itself that

makes the satellite safer, not a variance in the estimate of that trajectory

It should go without saying that, given two satellites on a sure collision
trajectory, simply recomputing the trajectories with lower quality data does

not make them safer."

There are proposals for using dilution-free metrics [Balch, 2016], but the source of the
problem regarding dilution is a wrongly modelled uncertainty.

Enhancing robustness in decision-making requires dealing with both aleatory and
epistemic uncertainty and managing di erent sources of information which may provide

incomplete information or be in conict with each other [Ho man and Hammonds,
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1994]. While aleatory uncertainty is well studied and implemented in CARA, epistemic
uncertainty has been overlooked in space applications [Poore et al., 2016].

Opposite to aleatory information, where probabilistic theory is the established
model, there is not a single theory for epistemic uncertainty [Sentz and Ferson, 2022, Fer-
son et al., 2003, Zervas et al., 2011, Poore et al., 2016]. When only epistemic uncertainty
is involved, intervals can be used [Moore et al., 2009]. When uncertainty is compounded
by both aleatory and epistemic contributions, there are di erent approaches, including
Dempster-Shafer theory of Evidence (DSt) [Dempster, 1967, Shafer, 1976], possibil-
ity theory [Dubois and Prade, 1988, Dubois, 2006], fuzzy sets [Zadeh, 1965, Zadeh,
1984a, Walley and Cooman, 2001], obounds on probabilityand probability boxes (p-
boxes) within the probabilistic theory [Ferson et al., 2003, Destercke et al., 2008, Walley
and Fine, 1982, Williamson and Downs, 1990, Berleant, 1998].

Some e orts exist to overcome the limitation of probabilistic theory for conjunction
risk assessment and the exclusive use of the PoC value as the only metric to determine
the risk of the encounter. The authors of [Hejduk and Johnson, 2016] criticise the
use of the PoC as a point estimate and propose an approach to use a PoC density
that accounts for uncertainties on the PoC inputs (covariance, positions, hard body
radius...). By a resampling approach of the objects' position and covariance, they
obtain a PoC distribution. Using Monte Carlo (MC) approach to account for the
uncertainty on the inputs, they repeat the resampling method with both a PoC density
for each input uncertainty and a total distribution accounting for all the e ects. In
this way, it is possible to analyse the in uence of the input uncertainty on the PoC and
compare the nominal value with the distribution obtained, so a more informed decision
can be made.

The limitation of the CDMs to provide covariance information and the restric-
tions of just modifying the covariance matrix to improve the uncertainty model as the
technique to improve the risk estimates is highlighted in [Carpenter, 2019], and in [Car-
penter et al., 2017], the authors criticise the use of PoC as a decision-making metric.
As an alternative, the authors proposed to use miss distance intervals to capture the

uncertainty of the event, which also can tell about the con dence or lack of con dence
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to make a decision using the value of the PoC based on the interval width.

In this line, [Hejduk and Snow, 2019] revise di erent methods to evaluate the con-
junction risk from the perspective of the likelihood to occur and the support from the
information. They use the concept ofplausibility and possibility as addictions to prob-
ability. The authors refer to probability as the well-de ned estimation of a single value
indicating the risk of an event, and possibility as a mere indication that a conjunction is
possible. In between, they locateplausibility, which refers to methods that compute a
probability value but include some level of uncertainty indicating the possibility of the
event to occur (not confused with the Plausibility concept later used in this work in the
context of DSt). The authors rank some of the methods mentioned before, including
the PoC densities, according to their plausibility, being the standard PoC method in
one end of the scale (puregprobability) and the ellipses overlap [Balch et al., 2019], in
the sense of ensuring the separation of the covariance is su ciently high, on the other
scale (purepossibility).

In all these examples, there is an attempt to go beyond the limitation of a single
value of the PoC to compute the risk of collision and introduce some of the concepts em-
ployed in epistemic uncertainty as interval-valued variables or the concepts opossibility
and plausibility. However, they do not attempt to extend the probabilistic framework
and explicitly model the epistemic uncertainty a ecting the problem. In fact, only a
limited number of authors have directly addressed epistemic uncertainty in conjunction
risk analysis [Tardioli and Vasile, 2015, Delande et al., 2018, Balch et al., 2019, Tardioli
et al., 2020, Greco et al., 2021].

In this work, DSt is proposed to model both types of uncertainty in the context of
conjunction assessment. Authors in [Sentz and Ferson, 2022] mention four advantages

of DSt over other approaches:

" higher degree of development with respect to other theories;

" the relation between DSt and probabilistic theory. If the available evidence is
coherent (i.e. there is no epistemic uncertainty), this theory simpli es into prob-
abilistic theory, so it can be understood as the extension of the approaches already

implemented [Ferson et al., 2003];
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" wider literature on its application in engineering problems [Zervas et al., 2011, Liu
et al., 2017b, Vasile et al., 2017a, Filippi and Vasile, 2019], and more speci cally,

in risk assessment problems [Helton et al., 2005, Oberkampf and Helton, 2002];

" the capacity of DSt to represent di erent types of uncertainty and, more inter-

estingly, to combine sources of information [Sentz and Ferson, 2022].

On top of this, [Ferson et al., 2003] shows the equivalence between DSt and probability-
bounded (p-boxes) approaches, which will be exploited later in this work.

Information in DSt is interval-valued, instead of precise quantied. The single-
valued variable may not be adequate in situations driven by lack of knowledge, for
example when there is little information to evaluate a probability or when information
is ambiguous or in conict [Sentz and Ferson, 2022]. The use of intervals implies that
the Principle of Insu cient Reason and the axiom of additive is not imposed, which, in
other words, means that there are no assumptions on the event or set of events when
there is no direct evidence about them (i.e. evidence on the occurrence of an event
does not imply knowledge on the non-occurrence of the event) [Sentz and Ferson, 2022].
This allows basing the decisions on a system's safety not just on a single value of the
desired metrics, but providing plausible bounds on the metrics. Even more important,
it allows for the quanti cation of the support for speci c values of the safety metric and
measuring the level of uncertainty (or con ict) a ecting the information. Knowing the
degree of uncertainty allows discerning better if high or low values of PoC correspond
to risky or safety cases, or if they are related to a lack of consistency in the data.
Similarly, it reduces the assumptions required, not imposing any distribution on the
data other than the presence of certain intervals with a given level of support. These
aspects align with the principles stated in [Carpenter et al., 2017].

Finally, DSt provides a framework to handle information originating from di erent
sources [Koks and Challa, 2003] (e.g. a network of sensors, or information from di erent
providers). The increase in SSA providers means that information received by operators
may have di erent origins, which will be more or less reliable according to the sensor
or information quality of the provider or on data processing (e.g. during the generation

of CDM). Similarly, information may be received in di erent formats, from the old
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TLEs to the actual CDMs, the operator's ephemeris or directly from unprocessed raw
observations, which, again, will have di erent levels of trustworthiness. In addition,
information may be in con ict, with some sensors suggesting a more likely conjunction
than others. A robust STM system must be able to handle all this information reliably,
ensuring operators are provided with the right information, and more importantly, with
the right con dence in the di erent sources. Frequentist approaches already proposed
some data fusion approaches based on Baye's rule [Koks and Challa, 2003]. Similarly,
DSt uses combination rules [Sentz and Ferson, 2022] to bring together information and
provide a measure of the level of con ict and the reliability of the desired variable of
interest, with the additional advantage of fewer assumptions on the information (e.g.
probability densities). However, the selection of the most adequate combination rule
is a challenging process related to the degree of conict a ecting the information, the
type of sources, the amount of evidence in the information or the way the operator
desires to deal with it [Sentz and Ferson, 2022].

Additionally, the DSt framework allows not only to fuse information in di erent
formats or provided by di erent sources but also to fuse data generated with di erent
models. An example of this could be the propagation of orbit under atmospheric drag
(or any other orbit perturbation). Density models vary considerably from source to
source and from di erent providers. Also, the satellite state would impact the results.
All of this can be combined using DSt, since dierences in the atmosphere density
model (or any other perturbation model) or the satellite attitude can be treated as
additional uncertain parameters within the uncertainty model, in the same way as the

position uncertainty.

2.2 Automation

With the increase in space trac, space surveillance capabilities, actors involved in
space operations and the emergence of new technologies automation is becoming a key
element to ensure the safety of space [Nag et al., 2018, Nag et al., 2021]. Current STM
protocols [Merz et al., 2017, Newman et al., 2014, Newman et al., 2019, Laporte and

Moury, 2013] require intensive operator workload, constant coordination among teams
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and agencies/operators, and tight decision-making windows. All the factors listed above
characterising the New Space will only exacerbate the limitation of a human-based
STM. For example, the conjunction alerts received by operators are dominated by low-
risk encounters or false alerts, which should be analysed to make sure they do not pose
an actual risk. An increase in the number of alerts may consume operators' resources
making it impossible to detect actual collisions or to properly address them. Even if
they are detected and addressed, the Collision Avoidance Manoeuvre (CAM) design
process is complicated, involves the coordination of di erent mission teams and requires
the nominal satellite operation to stop. Automation may help ease the operator's
workload so they can focus on operational mission objectives or just on very critical
conjunctions.

Di erent agencies and other space actors are already aware of this necessity. The
National Aeronautics and Space Administration (NASA) has published plans for au-
tomating the current CARA architecture [Nag et al., 2018, Nag et al., 2021], and has
proposed an automated system based on Unmanned Aerial Vehicles (UAV) Tra ¢ Man-
agement architecture. The proposed architecture is based on Application Programming
Interfaces to facilitate the interaction between STM agents, the data sharing among ac-
tors and enhance automation throughout the whole process, including risk assessment
and optimal CAM search. The Application Programming Interfaces allow the build-
ing of a modular architecture to add or remove capabilities and facilitate automation
through the interface among modules.

Similarly, the European Space Agency (ESA) has recognised the importance of
space safety, making one of its pillars with the Space Safety Program. Among its
addressed topics, it includes \an adequate pre-emptive approach concerning future
activities and to enable the safe operation through an Automated Collision Avoidance
System" [Bastida Virgili et al., 2019, Flohrer et al., 2019], that is, the development of
an automated approach to deal with conjunction avoidance tasks. According to this
program, the three topics expected to be addressed in the context of collision avoidance
and STM are: reduce manpower e ort, minimise the decision time, and reduce the false

alerts.
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Several tasks currently carried out by operators could be automatised. This in-
cludes the classi cation of geometries and encounters, the identi cation of high-risk
alerts among the plethora of potential conjunctions, trends on parameters evolution
or conjunction patterns, prediction of CDMs, improving uncertainty quanti cation or
even manoeuvres design [Bastida Virgili et al., 2019]. All these tasks comprise a cer-
tain level of routine tasks and bring associated plenty of data which may be di cult to
analyse by a reduced number of operators in a team.

With a more populated catalogue, the chances of nding actionable encounters or
even multiple encounters for the same satellite increase, which a ects the decision time
reaction: if more encounters are likely to happen in a given time horizon, a faster
decision time will allow addressing dierent events better or reducing the share of
operators among events. With the increase in operational satellites, the probability of
conjunction involving two of them grows, which requires even further coordination. The
development of both protocols [Bast and Krag, 2019], techniques and architectures [Nag
et al., 2018, Delmas et al., 2023] to support decision-making becomes paramount for
the smooth operation of the STM system.

Reducing false alerts is related to the other two aspects. Being able to automatically
and adequately di erentiate actual high and low-risk events or to provide a con dence
measurement when classifying events on either of those two categories, would reduce
the decision time and the manpower e orts avoiding dealing with cases not actually
possessing a high risk of collision.

In this context, Arti cial Intelligence (Al) and Machine Learning (ML) can play a
fundamental role due to their potential to learn from real and synthetic data, create
faster dynamic-free models and provide decision support with limited computation
eort. The goal is to predict events and automatise the allocation of remediation

actions.

2.2.1 Articial intelligence

Arti cial Intelligence is referred to as the ability of computers to learn from data, rea-

son, acquire knowledge, react to the environment and correct themselves to imitate
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human intelligence or behaviour without being speci cally programmed to do it. It is

a wide knowledge area including Machine Learning, Natural Language Representation,
Computer Vision, and Data Mining among many others [Russell and Norvig, 2009]. It
has been studied for some decades, but only during the last years, with faster and more
capable computers and the availability of big datasets, it has been possible its imple-
mentation into real applications in a broad range of disciplines, including engineering.

In this thesis, two branches of Al will be employed: ML and Decision Support
System (DSS). The rstoneis a eld of Al that learns from data to replicate behaviours.
The second one, develop agents to support operators in decision making. Both may
support the automation of STM via generating faster surrogate models replicating the
actual models or by leveraging the decision process on complicated tasks based on
con ict information.

Regarding ML algorithms, they are characterised by the ability to learn from data
certain answers and replicate the answer on unseen data. There are three main branches
in ML: supervised learning, unsupervised learning and reinforcement learning [Khoei
et al.,, 2023]. Supervised learning refers to those techniques where the actual answer
to the training data is known. That is, in regression problems, the value of the target
variable given a set of inputs is known, and in classi cation problems, the label is asso-
ciated with those given inputs. Thus, when training the model ( tting the parameters
of the model, e.g. stochastic gradient descent [Robbins and Monro, 1951]), pairs of
inputs-outputs are given sequentially and the answer of the model is used to adjust
the parameters and eventually obtain a closer answer to the real target. Unsupervised
algorithms, on the contrary, are not given the target output. Instead, these models
are used to obtain patterns on the data or clustering the information creating their
own labels. Finally, reinforcement learning techniques di er from the previous one in
the sense that they learn sequentially and from the experience of interacting with the
environment. In this work, only supervised learning is considered. More precisely, this
study will focus on some of the most used techniques: on the one side, more traditional
algorithms like Support Vector Machine (SVM) or K-Nearest Neighbours (KNN), or

some of the most successful, yet simple, methods like Random Forests (RFs), gradient
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boosting methods or single layers Arti cial Neural Networks (ANNS).

Within ML, there is a sub eld referred to as Deep Learning (DL), which has shown
great results on di erent applications and elds (e.g. chatGPT [Brown et al., 2020]).
DL, which can be supervised, unsupervised or reinforcement learning, refers to those
algorithms using ANNSs using several neuron layers (hence the term deep). One of the
latest and most successful architectures is Transformers, which will also be considered
in this work.

In supervised ML and DL, to avoid over tting when training the algorithm, all the
techniques, except KNN, are trained on a subset of the complete database. Over tting
refers to the phenomenon of adjusting the model parameters so that the model can
predict very accurately within the set of data used for training but is generalised badly
when predicting data not belonging to this set [Rosin and Fierens, 1995]. This can
happen, for example, if the system has too many degrees of freedom (e.g. neurons in a
ANN model), in the same way that a polynomial of high degree passing through every
single point of a noisy linear distribution would not be a good t.

To mitigate this risk, the available dataset is split into a Training set and a Test set,
so that the models' performance is not evaluated in the Training Set, but in the Test
set. The system training is then stopped when the tting error based on the Test set
starts increasing. This typically happens before the tting error based on the Training
set achieves machine zero. In this work, the split on the Training and Test sets follows
an 80%-20% proportion. The score comparing the di erent models' performance can
be obtained by predicting a third set, the Validation set, not included at any stage
during the training, or using the Test Set, provided it was never used for tuning the

model's hyperparameters and was just used for evaluating the performance.

Machine Learning techniques

In the following, a brief explanation of some of the most common supervised ML tech-
niques is given. This is not an exhaustive list, but it focuses on those used in this thesis
and represents common techniques used in the eld (as detailed later): Arti cial Neu-

ral Networks (ANN) [Kubat, 2017], Random Forests (RF) [Breiman, 2001], K-Nearest
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Neighbours (KNN) [Cover and Hart, 1967], Support Vector Machine (SVM) [Cortes
and Vladimir, 1995], Gradient Boosting machine [Ke et al.,, 2017], and Transformer

architecture [Vaswani et al., 2017].

Arti cial Neural Networks ANN models have experienced a relevant development
during the last years thanks to the increase in computational power, currently existing a
plethora of variants used for di erent applications like Multi-Layer Perceptron (MLP),
Convolutional Neural Networks (CNN) or Long/Short Term Memory network (LSTM).
Most of them fall in the eld of DL. In this work, however, the focus is on the simpler,
yet powerful, MLP-based ANN models.

The MLP algorithm consists of a set of connected layers oheurons, which can
predict the quantity of a desired variable given a set of inputs after having provided a
set of examples, whose actual value is known (Fig. 2.1).

The rst layer, referred to as the inputs layer, consists of the components of the
input variable. The last layer or output layer varies depending on the problem: for
regression problems, it consists of one or more neurons (depending on the dimension of
the output variable) providing the value of the corresponding variable; for classi cation
problems, it consists of a set of neurons (as many as elds on the classi cation), whose
value ranges in [Q 1] depending on the probability of the classi cation value of been the
correct one. In the classi cation case, usually, an additional layer with a single output
is included with the value of the class receiving the higher probability on the previous
layer. In between, there are a set of layers, called hidden layers, with a number of
neurons, whose values vary, generally, between 0 and 1 (although other pairs of values
are also possible).

The value of each neuron depends on the values of the previous layer's neurons and
the weights that connect that node with all the neurons in the previous layer. The
activation function of the neuron will dictate how it reacts to the received values. The
value of the neuron is then, transmitted to the next layer. There are di erent activation

functions in the literature [Lederer, 2021], with the sigmoid, hyperbolic tangent and
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Figure 2.1:  General structure of single-layer ANN
model.

the Recti ed Liner Unit (ReLU) functions the most popular:

ReLU (x) = max(0 ; x) (2.1a)
(x) = T+ e (2.1b)

e X
tanh(x) = T (2.1c)

The set of neurons and layers constitute the network. The MLP may have an

arbitrary number later. In this work, the analysis was limited to the single layer
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case. Thus, the MLP ANN can be understood as a universal function approximator
fg(x) : R" 1 R", [Cybenko, 1989], whereng is the size of the input vector x, and nq
is the size of the output vector function fg. The outcome in the output layer is dictated
by the general matrix-vector de nition in Eq. (2.2) to approximate the desired function
fg.

fg(x)  Az(b® + W@ (AL (b® + w Dx)) (2.2)

where W @) is a weight matrix of size (N ng) and W @ is a weight matrix of size
(nog N) connecting all the neurons of the input layer with the hidden layer and those
in the hidden layer with the output layer, respectively, being N the number of neurons
in the hidden layer; b® and b® are the bias (column) vectors of lengthN and no,
respectively; and Al and A2 are the activation functions of the hidden layer and the
output layer, respectively.

The learning process consists of adjusting the values of the weights matrices and bias
vectors so that, given an input vector, the network provides the actual output. This
process is done by a two-step process (feed-forward and back-propagation) feeding
the network with a su cient number of cases. Each time a new example is input
into the network, the predicted output is compared with the actual value. Then, a
back-propagation algorithm updates every individual weight and bias on the network
following a local gradient-based optimisation. Di erent algorithms are available for this
task: Levenberg-Marquardt [Hagan and Menhaj, 1994], Adam [Kingma and Ba, 2014],
RAdam [Liu et al., 2020].

Random Forest RF is an ensemble method that combines several independent
Decision Tree (DT) during the training step, feeding each of them with di erent subsets
of the training set. The predicted class is the mode of the output of every single tree
in a classi cation problem and the mean of the trees' output in a regression problem.
RF overcome the over tting problem usually faced by DTs.

DTs are a supervised ML method that classi es the input variables hierarchically
according to the value of their di erent features, creating subsets that end on the label

class at the leaveslevel Fig. 2.2, an algorithm called top-down induction of decision
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trees (TDIDT) [Quinlan, 1986]. The training consists of feeding the DT with several
training samples (whose actual output is known) to modify the order of the features,
the split value and the number of splits per node so that the correct classi cation rate

is maximised.

Figure 2.2: General structure of a single Decision Tree.

DTs su er from over tting and bias. Ensemble methods allow the combination
of several classiers introducing an amount of randomness in the process to better
generalise the predictions. RFs are an ensemble of DTs, where, instead of taking all
the possible con gurations of features, just a selected number of them on each tree.
On top of that, a bagging method [Breiman, 2001] is employed in the samples, so
that, for each tree, a di erent subset of samples from the Training Set is drawn with
replacement. The combination of both aspects (trees with di erent features and node
distribution, and di erent sets of samples) provides reduced over tting and variance
in the data. The outcome of the RF will be the mode (classi cation problem) or the

mean (regression problem) of the outcome of all the individual trees (Fig. 2.3).

K-Nearest Neighbours The KNN algorithm predicts the output of a given sample
by comparing its proximity with the training samples (Fig. 2.4) under the assumption
that similar points will be located close to each other [Raschka, 2018]. As opposed to
the previous methods, this method lies within the lazy learning group of algorithms.

This means that the system is not trained before making predictions, but instead, all
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Figure 2.3: General structure of a Random Forest.

data are used every time a prediction is expected: the distance from the new point is
computed each time a new sample arrives, which could be bene cial since it simpli es
the algorithm and the number of parameters, but make the method su ers severely
from the curse of dimensionality.

To estimate the proximity of the samples, di erent metrics can be employed. The
easiest to visualise is the Euclidean distanceq( i(y?> x?)), shown in Fig. 2.4, al-
though other metrics exist: Manhattan distance ( ;jy;  Xij), Minkowski distance
([ iiyi xj1¥P)... It is possible to make a variant on the algorithm so the closer
the sample, the more importance it is assigned. In this way, in a 5-NN problem, if the
selected sample lies very close to two samples of one class, but the next three nearest
examples are from the other class, it can be still classi ed within the rst group.

In this algorithm, the only parameter to be selected is the number of neighbours,
k. However, the selected value heavily in uences the nal results due to over tting or

under tting and the optimal value will depend on the speci ¢ problem.
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Figure 2.4: Example of 4-Nearest Neighbour.

Support Vector Machine SVM algorithms [Cortes and Vladimir, 1995] classify
samples from di erent classes by building the hyperplane that splits the classes of the
training point, maximising the distance to the nearest point on each class (Fig. 2.5).

In the linear problem, nding the hyperplane that maximises the distance to the
closest points in each class and divides the space into the two classes is done by solving
the Eq. (2.3). 8

< Miny pjiwij | 2.3)
st yi(w' xi b 18fi;:ng
with w the vector normal to the hyperplane, bthe o set of the hyperplane at the origin,
b=kwk the margin between the closest point and the hyperplane, andh the number of
samples in the Training Set, being the hyperplane de ned as the set of pointx so that
w' x b=0. Dierent algorithms exist to solve the minimisation problem including
sub-gradient descent or coordinate descent.

Non-linear divisions may be required for a good division among classes. Kernels

can be used to de ne the problem in a higher dimensional space where the division

may be easier (e.g. Gaussian or polynomial). An example of cases where a non-linear
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Figure 2.5: Example of Support Vector Machine.

approach will give better results may be a class de ning a circumference around the

other class.

Gradient Boosting machine Gradient Boosting machine is also an ensemble of DT
methods, which combine di erent weak learners to provide an accurate prediction. A
weak learner refers to a learner that makes few assumptions on the data. lIteratively,
new weak learners are added to compensate for the limitations of the previous one.
The algorithm adds a new weak learner (i.e. a DT) to reduce the di erence between
the actual value and the value provided by the ensemble model (gradient descent).

Thus, the idea is to nd a learner F (x) to predict the variable y, by minimising the
error between the actual value,y; and the predicted valuey;. In di erent stages, a new
learner Fp, is added so that a new estimator,hy, is added to improve the prediction:
Fm+1 (Xi) = Fm(Xi) + hn(Xi) = yi. Thus, the algorithm aims to minimise hpy (X;) =
Vi  Fm(X;) [Li et al., 2016].

In this work, the Light Gradient Boosting machine (LGBm) algorithm [Ke et al.,

2017] was implemented. This algorithm shares many of the advantages of other en-
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semble and gradient boosting methods, like the simplicity and the reduced number
of parameters to be de ned. However, it is usually faster to train (then, the term
light) and it is usually more precise. The main di erence from other algorithms is the
growth of the decision trees. Instead of growing a level at a time (level-wise growth),
it grows from the node that looks more promising (leaf-wide growth) (Fig. 2.6). This
approach is based on two techniques: Gradient-based one-sided sampling, which gives
more importance to instances with higher gradients, dropping those with lower values,
and Exclusive Feature Bundling, which reduces the dimensionality of the problem by
bundling together mutually exclusive features. LGBm also presents the advantage of

accepting both numerical and categorical inputs without any pre-processing of the data.

Figure 2.6: Scheme of the Light Gradient Boosting machine process.

Transformer The transformer architecture is a DL approach implementing several

layers of networks based on the mechanism of attention [Vaswani et al., 2017]. It
was initially developed for natural Language Processes applications, but it has been
extended to other elds, like computer vision [Dosovitskiy et al., 2020] or times series
[Stevenson et al., 2022a].

Transformers address the sequence of data but without the need for recurrent net-
works, such as LSTM, reducing the training requirements. Instead, they used the
attention mechanism and an encoder-decoder structure, where the decoder is fed both
by the encoder output and the previous step decoder output. The attention mech-
anism algorithm addresses the problem of local connectivity by comparing, in turn,

every point of the sequence to all the other points to derive the most relevant part of
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the sequence for each of them.

In this work, the transformer architecture is implemented based on the implemen-
tation in [Stevenson et al., 2022a], which is inspired by the computer visual application
of transformers Vision Transformer [Dosovitskiy et al., 2020]. Here, each point on the
time sequence is split into individual tokens, which are the input of a Convolutional
Neural Network (a feature extractor) to create a new sample with a higher dimension.
The re-dimensioned samples are then passed to the encoder, which consists of a series of
encoder blocks, each of them conformed by a set of two neural networks: a multi-head
self-attention unit and a feed-forward neural network. Finally, the output of the set of

encoders is passed through a fully connected layer that provides the class probabilities.

2.2.2 Articial intelligence for automation

Al has several qualities that make it suitable to address the challenges and the aims
of automation in space, as shown below. For example, ML techniques, a eld of Al,
are data-driven, which means that no underlying model is required to obtain accurate
predictions or reliable actions on a system. Instead, the model learns from the available
information, searching for patterns and relations that explain the underlying dynam-
ics. Thus, ML can be used to create surrogate models that reconstruct the functional
relationship between a set of input and a set of output data, creating faster models
that help automation. ML performs very well on repeated tasks which require pattern
recognition or prediction from data relationships. With the increase in available infor-
mation, precisely, this kind of task becomes more challenging for humans but makes
the ML perform better. This is the case, for example, of false alert detection, where
the increase in conjunction messages may overwhelm human operators but are useful
for the system to learn, or anomaly detection (e.g. CAM detection), where changes in
the orbit's parameters are not always obvious.

Another eld of Al are DSS agents. These techniques are dedicated to supporting
decision makers by gathering and analysing, diagnosing problems and providing sugges-
tions and recommendations on the best course of action, freeing operators of this burden

and enabling automation of the system. [Shim et al., 2002, Ralep, 2005]. One of the
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most common approaches is Multi-Criteria Decision-Making (MCDM) [Triantaphyllou,
2000], which evaluates alternatives (Multi-Attribute Decision Making) [Triantaphyllou

and Shu, 2001] or a mathematical model (Multi-Objective Decision Making) [Roijers
and Whiteson, 2017] over a set of criteria to prioritise the best outcome according to
the operator's preferences. DSS and MCDM approaches have been applied in several
elds, ranging from engineering to economics and social sciences.

The use of Al can be found nowadays in every engineering eld. The examples
range all the Al spectrum, although image recognition and natural language processing
are probably the most advanced technologies. For example, image recognition plays an
important role in the automation of self-driven cars. Natural language processing is
also a leading technology, with digital assistants the main example of this technology.
Nevertheless, the list of cases is endless, and examples can be found in robotics, weather
forecasting, medical diagnosis, and bank fraud detection, among many others.

Relevant for automation and tra ¢ management is the application of DSS systems
to assist operators. In [Ramrez-Atencia et al., 2017, Ramrez-Atencia et al., 2017], the
authors employ DSS agents to automate the control of UAV swarms. In the ATM eld,
an Autonomous Operator Planner is employed in [Barhydt and Krishnamurthy, 2004]
to provide guidance to pilots on trajectory planning, accounting for the pilots' goals,
con ict detection and resolution and ATM constraints. Other space tra c management
sectors have employed other Al techniques to facilitate automation. Still, on the ATM
system, the authors of [Julian et al., 2016, Kochenderfer and P., 2011] use Al, DL
and dynamic programming to support operators on the decision making and improve
automation on collision avoidance systems. Also in the MTM system, Al methods and
techniques are used to facilitate automation, as in [Statheros et al., 2008], where the
authors enhance a dynamic-based method with Al for collision avoidance automation.
Despite the di erence, there are some similar characteristics between those systems
and STM, like high-density areas in an, apparently, broad space that complicates the
operations, the aim to reduce the operators’ workload, the increase in trac, and
the con ict and collision avoidance management, from where the space sector can take

lessons to accelerate the automation process [Nag et al., 2018, Contant-Jorgenson et al.,
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2006]. Another interesting possibility would be to apply DSS model to consequence
metrics [McKnight et al., 2021] and algorithms to classify events and objects based on

a more comprehensive list of factors.

Arti cial intelligence for space safety

In space engineering, Al has been used in a wide range of elds. Several Al-based meth-
ods can be found in di erent areas of space engineering, for example, image recognition
algorithms are being used for autonomous navigation [Tail et al., 2020, Downes et al.,
2020, Song et al., 2022, Mancini et al., 2023, Kaluthantrige et al., 2023, Pugliatti et al.,
2023] and are expected to be applied for satellite inspection or swarm relative naviga-
tion [Izzo and Pettazzi, 2007,Zhu et al., 2023]; Al and reinforcement learning techniques
have been applied for trajectory optimisation, guidance and control [Gaudet and Fur-
faro, 2014, Furfaro et al., 2020, Gaudet et al., 2020, Oestreich et al., 2021, Wilson and
Riccardi, 2023,1zzo et al., 2019]; natural language processing tools have been developed
to create digital assistant agents to interact with astronauts [Airbus, 2021] or to sup-
port the mission design [Berquand and Riccardi, 2020, Berquand et al., 2021, Berquand
and Ladeira, 2022,Darm et al., 2022,Darm et al., 2023]; Al time-series prediction tools
have been applied for space weather forecasting, especially, Sun ux and atmosphere
density [Radisser et al., 2022, Dorelli et al., 2022, Salvatelli et al., 2022, Stevenson et al.,
2022b.

More speci cally, STM and SSA are two elds where the use of Al can bring great
bene ts to facilitate the automation of processes, speed up tasks and assistance of
operators in decision-making. STM, as de ned above, is compounded by those activities
focused on ensuring the safe operation of satellites. SSA consist of the activities to
track objects, identify them, determine their orbits and predict the future positions
and threads to operators. Together, they constitute the two main pillars to ensure the
safety and sustainability of the space environment and its utilisation. For this reason,
agencies and other relevant actors have started di erent programs to incentive the use
of Al for space safety [Mashiku et al., 2018, Mashiku et al., 2019, Bastida Virgili et al.,
2019, Flohrer et al., 2019, Man etti et al., 2023, Maric et al., 2023, Frontier Development
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Lab Europe, 2020, Flohrer et al., 2020].

Another example illustrating the increasing trend of using Al in SSA and STM are
the challenges proposed by research entities. In these challenges, a problem related to
space safety is proposed to the participants along with a database containing several
samples of events associated with the problem. The participants are expected to pro-
pose solutions and the best ones tend to be data-driven and ML-based, instead of models
based on the dynamic laws governing the phenomenon. The ESA's Advances Concept
Team has presented already several challenges through its Kelvins platform [ESA's
Advanced Concepts Team, 2023]: theCollision Avoidance Challenge[European Space
Agency, 2019, Tulczyjew et al., 2020, Tulczyjew et al., 2021, Uriot et al., 2022], where the
participants are expected to predict collision risk given a set of CDMs, theSpot the GEO
challenge [European Space Agency, 2020], whose aim was to spot the Geostationary
Orbit (GEO) satellites on images of the sky, the Pose Estimation challenge [European
Space Agency, 2021a] to determine space debris position and orientation from images,
or the Space Debrischallenge [European Space Agency, 2021b], aiming to backtrack
space debris in GEO to its original parent body. The Frontier Development Lab also
proposes Al inspired challenges [Frontier Development Lab Europe, 2020, Flohrer et al.,
2020], like the 2020Constellation Challengewhere the selected team proposed an open
source tool to predict CDMs [Pinto et al., 2020, Acciarini et al., 2020, Acciarini et al.,
2021]. Recently, the Massachusetts Institute of Technology has proposed a similar
challenge for detecting patterns of life in GEO satellites given the times series of their
position for a certain period [Siew et al., 2023b, EvalAl and ARCLab - Massachusetts
Institue of Technology, 2023].

During the last years, there has been a proliferation of studies on the use of Al for
SSA. In [Linares and Furfaro, 2016b, Furfaro et al., 2018, Furfaro et al., 2019, Linares
et al., 2020], the authors used ML and DL techniques, like Convolutional Neural Net-
works (CNN) to classify space objects and determine their shape and attitude based on
the light curves of the objects generated with physic-based models. A similar approach
of object classi cation with light curves was followed in [McNally et al., 2021], analysing

di erent ML architectures. In [Vasile et al., 2023], the authors also determine the atti-
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tude of the space objects and classify them using ML approaches based on hyperspectral
images and the inferred surface composition. The applicability of DL models for space
object characterisation from radar signals is shown in [Wu and Rosengren, 2023], while
authors in [Paulete et al., 2021] propose a ML-based for object identi cation based
on their Radar Cross Section trained on real data. Related to object observations,
Al has been employed for sensor tasking to schedule observations to cope with the
increase of space objects and help automation of SSA. Works range from single sensor
constraint-free scheduling [Linares and Furfaro, 2016a], to multi-sensor networks [Siew
et al., 2023a] via a centralised agent, using reinforcement learning approaches.

Other uses of Al for space safety fall in the intersecting area of SSA, understood as
surveillance and characterisation of objects, and STM, understood as conjunction risk
assessment, avoidance manoeuvres and satellite operations. This is the case of digital
assistants to support operations on SSA, like VerSSA [Ludwig et al., 2019, Ludwig
et al., 2021], which automates the analysis of the input data (in the background and on-
demand), Iters information, analysis scenarios, and provides space objects information
summaries to speed the decision-making process on critical events. Other tools focus
on space object behaviour analysis to support operators in the better understating of
satellite operations and the prediction of future actions, facilitating the automation
of tasks or the prediction of risk scenarios. The authors of [Manzi and Vasile, 2020b]
used Deep Symbolic Regression to reconstruct the underlying dynamics, which allows to
improve dynamics models or reconstruct orbit anomalies (e.g. manoeuvres); in [Linares
and Furfaro, 2017], the authors used reinforced learning to reconstruct the optimised
cost function when manoeuvring satellites, and in [Roberts and Linares, 2021], CNNs
are trained to detect manoeuvres in GEO, in both cases facilitating predict future
scenario for space safety; and in [Shen et al., 2019, Shen, 2020], di erent ML techniques
were used to detect and classify satellite behaviours, which again, helps on the further
prediction of operators actions.

Finally, it is possible to nd examples of Al techniques applied to improve automa-
tion and increase speed on specic STM tasks. For example, the works of Peng and

Bai [Peng and Bai, 2017, Peng and Bai, 2018c, Peng and Bai, 2018a, Peng and Bai,
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2018b] aim to reduce the propagation error by using di erent ML techniques, like SVM
and ANN. In their works, they show that by feeding the intelligent system with the
object's orbits to predict the propagation errors and then subtracting that error from
the propagation, the position accuracy can be greatly improved. There are some works
on the use of DL to address theall-vs-all problem during catalogue screening, that is,
detect all possible conjunctions among objects in a given catalogue, which is a very
time-consuming task due to the necessity to compare all pairs of objects. Al can help
with the prediction of these events, avoiding the propagation step and the individual
comparison of pairs [Stevenson et al., 2021, Stevenson et al., 2022b]. Other works [Ac-
ciarini et al., 2021] try to predict the next CDM to improve uncertainty quanti cation

and anticipate decision-making. Also, in the eld of CAM design and allocation there
are some contributions on the use of ML [Vasile et al., 2017b,Abay et al., 2017,Gonzalo
et al., 2020, Stroe et al., 2021] and this is one of the main focus of ESA's CREAM
program [Flohrer et al., 2019, Flohrer et al., 2020]. In [Vasile et al., 2017b], the authors
presented a system for supporting the planning and implementation of CAMs using
ML (Elastic Nets) and a manoeuvres dataset, with special attention to the future con-
sequences on the global space environment. In [Abay et al., 2017], a ML-based system
was presented to plan sub-optimal automatic collision avoidance manoeuvres.

As it was shown, automation in STM is a necessity due to the changes in the space
environment. ML methods have started to be used in this eld due to their advantages
regarding their lack of physical model and their capacity to enhance automation. Fol-
lowing this line, this research will make use of these novel techniques to apply them to
STM tasks automation. Although there are some works on object detection and classi -
cation and improving orbit propagation, conjunction detection and decision-making are
areas where ML is not applied that extensively. Similarly, more e ort on CAM design
and allocation should be developed according to the results of previous work, extending
their capabilities to the low-thrust manoeuvres, which are becoming more common in
space platforms. Finally, there are other elds of Al, like DSS which have been proven
to be useful in tra c management systems but are still not applied in space, which can

be very useful to address complex scenarios like multi-encounter events.
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Chapter 3

Evidence-based conjunction

classi cation system

The content of this chapter was partially published in:
Snchez, L. and Vasile, M. (2021), \On the use of machine learning and
evidence theory to improve collision risk management",Acta

Astronautica. [Sanchez and Vasile, 2021c]

This chapter presents a methodology for robustly assessing space close encounters,
evaluating not only the risk of the event but also the con dence in the correctness
of the value. The method proposed aims to avoid the phenomenon of the dilution of
PoC, which gives the counterintuitive idea that the poorer the quality of the avail-
able information for the operators, the smaller the Probability of Collision (PoC).
This lack of information corresponds to an uncertainty that is epistemic in nature.
Thus, Dempster-Shafer theory of Evidence (DSt) was used to address both aleatory
and epistemic uncertainty. Furthermore, when di erent sources provide contradictory
information, the level of epistemic uncertainty in the calculation of PoC can lead to
false con dence in the likelihood of a collision with either an undesirable increase in the
number of Collision Avoidance Manoeuvres (CAMs) or an equally undesirable number
of False Negatives.

An evidence-based classi cation criterion, derived from the application of DSt to

conjunction risk assessment, is proposed to support operators. The classi cation sys-
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tem, as opposed to common approaches based only on the value of the PoC or derived
metrics, also accounts for the con dence in the correctness of the values. Thus, a robust
decision is proposed to the operator in regards to the best action to take according to
the available information and the con dence according to the provided evidence. The
concept of robustness is used as the capacity to provide responses accounting for both
epistemic and aleatory uncertainty so that, the worst-case scenario among the possible
ones is taken into account.

The rest of the chapter is structured as follows. In Section 3.1, the problem of
the dilution of probability is stated and the incorrect modelling, with a lack of epis-
temic uncertainty in the models, is shown as the root of the problem. Section 3.2
gives an overview of the DSt for modelling both aleatory and epistemic uncertainty
and introduces a collision risk assessment method based on it. Next, in Section 3.3,
three di erent conjunction event evidence-based classi cation criteria are presented.

Section 3.4 summarises the main contributions of this chapter.

3.1 Modelling epistemic uncertainty

Uncertainty on the objects' position involved in a close encounter is usually assumed to
follow a multivariate Gaussian distribution. This assumption is limited by three main
sources of uncertainty: the uncertainty in the dynamic model used to propagate the
orbit from the last available observation to the time of closest approach, the uncertainty
in the actual distribution at the time of closest approach, and the uncertainty in the
last observed state before closest approach. It can be argued that all three forms of
uncertainty are epistemic in nature since they derive from a lack of knowledge of the
model, distribution and error in the observation. [Poore et al., 2016]

So far, only a limited number of authors have directly addressed epistemic uncer-
tainty in conjunction analysis [Tardioli and Vasile, 2015, Delande et al., 2018, Balch
et al., 2019, Greco et al., 2021]. Generally, the epistemic uncertainty is overlooked and
e orts to manipulate the objects' position covariance (sometimes referred to as covari-
ance realism) were made [Foster and Frisbee Jr, 1998, Alfano, 2005b, Drummond et al.,

2007, Laporte, 2014a]. However, those approaches do not intend to capture the actual
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nature of the source of uncertainty (the lack of knowledge) [Poore et al., 2016]. In this
chapter, a robust methodology based on DSt to model epistemic and aleatory uncer-
tainty is proposed aiming to capture the uncertainty associated with the three main
sources indicated above: uncertainty model, dynamic model and observation noise.
One of the consequences of the lack of a model for epistemic uncertainty is the
phenomenon of dilution of probability. Below, an introduction to the topic and the

main impact on Conjunction Assessment Risk Analysis (CARA) is presented.

3.1.1 Dilution of the probability of collision

The PoC and other derived metrics (e.g. scaled PoC [Stroe et al., 2021]) have been
broadly used on conjunction risk assessment to evaluate the risk of an encounter be-
tween two space objects [Merz et al., 2017, Newman et al., 2014, Laporte, 2014a]. Due
to the characteristics of most of the encounters in the Low Earth Orbit (LEO) region,
the computation of the PoC can be simpli ed under the fast encounter assumptions [Al-
friend et al., 1999, Patera, 2001, Alfano, 2005a, Alfano, 2007, Serra et al., 2016]: i) the
relative motion between objects is assumed to be rectilinear; ii) the uncertainty dis-
tributions of the position of the two bodies are Gaussian and uncorrelated; iii) the
velocity vectors are not uncertain; iv) the objects are modelled as hard spheres. The
PoC computation can be reduced to the 2D integral in Eg. (3.1). This equation inte-
grates the Gaussian distribution de ning the combined covariance ellipse projected on
the impact plane, Eqg. (5.9), over the Hard-Body Radius (HBR), which is the closed
region B((0; 0); HBR) de ned by the sphere of radius HBR enveloping the two objects

involved on the conjunction [Serra et al., 2016]:

y
PoC= —pt e z2(0 T 7O w)gqg | (3.1)
2 " K ok
B((0;0);HBR)

whereb =] ; ]is the target's two-components position relative to the chaser on the
impact plane at the time of expected impact, ,=[ ; ] denes the coordinates of

the centre of the ellipsoid projected on the impact plane, i.e. the expected relative
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position, and 2 3

p=4 5 (3.2)

is the [2 2] covariance matrix associated with the combined uncertainty ellipsoid
projected on the impact plane, being the combined ellipsoid covariance matrix, the sum
of the two objects' covariance matrices in the same reference frame:p=  p1+ po.
Note that, even though the simpli cations associated with this PoC computation, the
following considerations are generally applicable.

Eqg. (3.1) leads to the known paradoxical phenomenon of the dilution of probabil-
ity [Alfano and Oltrogge, 2018]. This phenomenon is well represented in Fig. 3.1. an
increase in the standard deviation yields at rst an increase of the PoC, up to a max-
imum value, and then a progressive decrease. In the gure, PoC is computed using
Eq. (3.1) with =6 m, =3 m, = 0 m?2 and HBR = 5 m. Thus, if the
uncertainty in the observations grows beyond the point of maximum PoC the obvious
conclusion would be a lower risk of collision. In other words, Eq. (3.1) seems to suggest
that the risk of a collision decreases as the amount of information on the position of the
two objects decreases or, in other words, the objects seem to be safer when the quality

of the information worsens.

Figure 3.1: Dilution of probability when increasing the standard deviation,
for di erent values of miss distance.

Robust Al for STM Luis Sanchez Ferrandez-Mellado 48



Chapter 3. Evidence-based conjunction classi cation system

As explained also in [Balch et al., 2019], the central problem is the model of un-
certainty. If the uncertainty in the position of the two objects was purely aleatory
(an irreducible random process), the dilution of probability would describe an actual
reduction in the risk of a collision. This can be understood from Fig. 3.2 where an
increase in the standard deviation leads to a reduction of the total probability mass
falling within the HBR =5 m (grey region) for > 5 m. However, one can argue
that this is true only when the uncertainty on the dynamics and sensors is perfectly
known. On the contrary, when the uncertainty is epistemic, i.e. there is a lack of
knowledge on the position or velocity of an object, the correct reasoning should lead
to the conclusion that a higher ignorance corresponds to a higher risk of a collision, or
at least, not in its reduction. Some e orts on metrics not su ering from dilution have
been presented in [Balch, 2016] (see Appendix A), although lacking a model for the

epistemic uncertainty.

Figure 3.2: Flattening of the Normal Distribution curve when the standard
deviation increases, causing the dilution of probability.

In the following, the calculation of the PoC with Eq. (3.1) is maintained, but a model
for the epistemic uncertainty in the observations using DSt is proposed. In particular,
the case in which the values of yand | are partially known is considered and a degree
of belief (or con dence) to the set to which they belong can be assigned. This situation

can derive, for example, from the fusion of di erent con icting observations or from a
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lack of knowledge of the quality of the sensors.

3.2 Dempster-Shafer theory of evidence

In this section, an introduction to DSt is presented. This theory was proposed by
Dempster [Dempster, 1967] and improved by Shafer [Shafer, 1976] to model evidence
theory and address the lack of a model for epistemic uncertainty. It could be seen
as a generalisation of the classical probability theory when the available information
su ers from a degree of ignorance (epistemic uncertainty). In DSt, one can associate a
degree of belief in the realisation of an event without exact knowledge of an associated
probability distribution, based on con dence in the source of information or the lack
of knowledge of some of the system's parameters.

In DSt, the evidence is not restricted to single events, but it can be associated
with a set of events (represented by intervals), without the need to assume any kind
of distribution or assign any degree of evidence to any speci c event within the set.
Moreover, DSt is not restricted to Laplace's Principle of Insu cient Reason, avoiding
making assumptions about events about whom there is no knowledge: in probability
theory, in a situation with three possible outcomes, if an event has a 0.3 probability
to occur, it could apply 0.35 to each of the other events, even if there is no knowledge
about it. DSt allows to not assign speci ¢ mass to the individual events. Not only
that, if there is no information on the probability of A not occurring, this event can
have a di erent probability than 0.7 (as it would happen in probability theory) [Sentz
and Ferson, 2022].

Given an event space, the set of all the mutually exclusive and collectively ex-
haustive elementary events (or hypotheses) is considered: = 1; 2;:; j j . The
collection of all non-empty subsets of , including the Empty Space and itself, is the
Power Set2 =( ;[ ). One can now assign a probability mass, called basic probability
assignment ppa), to the elements of 2 . The bpa is equivalent to mapping the power
set to the interval [0; 1] [Sentz and Ferson, 2022]. Thdpa assigned to the event can
be understood as the proportion of all relevant and available evidence that supports

the claim that a particular element of belongs to the set , that is, the sum of all
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the support assigned to all the single events (j) and combination of events of that
include . This assignment can be derived from an expert-based decision, from the re-
liability of the sources of information, or from a formal method to extract the relative
importance of the elements in [Soundappan et al., 2004, Augustin, 2005, Jian and
Deng, 2014]. Thebpa is not exactly, but it is similar, to the generalisation to the DSt
framework of the probability mass functions in probability theory [Ferson et al., 2003].

The bpa functions have the following properties [Sentz and Ferson, 2022]:

bpa(;) =0 (3.3a)
O bpa) 1,8 22 (3.3b)
bpa )=1;8 22 (3.3¢c)

The bpaallows obtaining the Belief (Bel) and Plausibility ( PI), which are the upper
and lower bounds of an interval, or the minimum and maximum support a statement
receives from the available evidence. Thus, thd&el and PI contain the precise proba-
bility of a variable in the classical (probabilistic) sense, that is if the information was
precisely known, instead of interval-valued. Bel and Pl are computed according to
equation Eq. (3.4). Bel( ) is the sum of the bpas of all the elements of the Power Set
containing , and represents the amount of complete support from the evidenceR I( )
is computed as the sum of thebpas of the elements of 2 partially containing , and
indicates the lack of support to the event not happening or, in other words, the amount

of credibility on the event being possible to occur.

X
Bel( ) = bpa i) (3.4a)
i i22

X
PI()= bpa( i) (3.4b)
i\ 6,,i22

The Bel and PI functions allow building the Dempster-Shafer structures (some
examples in Fig. 3.3), bounding the maximum and minimum support from the evidence

to a certain value of the variable of interest [Ferson et al., 2003].
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DSt enables also to propagate the uncertainty throughout the system [Soundappan
et al., 2004], which allows using this approach for system safety/risk assessment [Helton
et al., 2005]. Having a system whose safety is de ned with a variable of interest (u),
but the information about the system is provided by a set of uncertain variablesu =
[ug; uz:::], it is possible to propagate the belief assignment from the input variables to
the variable of interest. The set of intervals of uncertain variables is called the Uncertain
Space,U.

First, it is necessary to build the Joint Body of Evidence, which is the mass assign-
ment of the individual variables, but in the joint space. This is done by performing a
Cartesian product of the intervals on U. The result of this operation is a set of intervals
in the multi-space, whosebpa will be equal to the product of bpa associated with the
intervals of the individual variables forming the interval in the joint space, as shown in
Eq. (3.5), where ul and u" represent the lower and upper bound of the given interval

for variable u; [Soundappan et al., 2004].
bpau,: (U ui]l  [upius] )= bpa(lui;ui]) bpa(uyusl) = (3.5)

Each element of the Joint Body of Evidence with a non-zerobpa is called a Focal
Element (FE). With the set of FEs, knowing the relation between the input variables

and the variable of interest, f (u), it is possible to de ne the set:
= fu2Ujf(u)2 g; (3.6)

where is a desirable target set for f . The nal step to evaluate the safety of the system
is to obtain the amount of support on the variable of interest, that is, computing the
Bel and PI of . Eqg. (3.4) can be used, but now the sum is done on the space of the
variable of interest, using the bpa of the FEs in the Joint Body of Evidence, as stated
in Eq. (3.7).

X

Bel() = bpa( i) (3.7a)
i 52U

Robust Al for STM Luis Sanchez Ferrandez-Mellado 52



Chapter 3. Evidence-based conjunction classi cation system

X
PI() = bpa i) (3.7b)
i\ 6;;i2U

The Belief and Plausibility functions have the following properties [Helton et al.,

2005]:

PI()  Bel() (3.8a)
Bel()+ PI(: )=1 (3.8b)
Bel()+ Bel(: ) 1 (3.8¢c)
PI)+ PIC) 1 (3.8d)

Eq. (3.7) de nes the standard de nition of Bel and Pl. However, in risk failure
analysis (conjunction risk assessment can be understood as evaluation of the risk failure
of the system, that is, the satellite), it is common to use the complimentary quantities
[Helton et al., 2005] in Eqg. (3.9), which, in this work, will be used to evaluate the

con dence on the value of the PoC:

X
Bel() =1 bpd i) (3.9a)
i v i2U
X
PI()=1 bpa ) (3.9b)
i\ 6;;i2U

Finally, the Degree of Uncertainty (DoU) is the di erence between Pl and Bel,

DoU()= PI() Bel() (3.10)

and can be used to determine the degree of epistemic uncertainty associated with
an event given the available evidence. This concept will be exploited to classify the
conjunction events.

3.2.1 Epistemic conjunction risk assessment

The idea is that when | and | are aected by epistemic uncertainty, their values

are not precisely de ned, but belong to an interval with a given belief, that is, with
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a given con dence the actual value is located within the interval. A higher epistemic
uncertainty will translate into a larger set or a greater number of, possibly disjoints,
FEs. Then, all the pieces of evidence in support of the possible values of, and | are
collected and the corresponding values of the PoC with Eq. (3.1) are calculated. The
evidence on the values of , and | comes from the degree of knowledge or ignorance
of the source of the observations. Thebpa assignment can derive from a quantitative
analysis (Chapter 4) or simply from a subjective opinion on the credibility of the source
of information (examples appear in [Helton et al., 2005]).

This approach can be illustrated with an example. Provided a close encounter
between two space objects, let a source provide uncertain information on the position
and uncertainty (e.g. information extracted from a sequence of CDMs). Without
loosing generality, let assume ; 2 and are perfectly known and equal to 6 m,
81 m?, 0 m?, respectively, while  and 2 are a ected by epistemic uncertainty. The
source of information indicates that the actual value for these variables could fall in one
of the two following intervals: .1 =[4;7] m, .,=[15;25] mand .;=[1;6:25] m,

.2 = [4,36] m. If both intervals on each variable are equally believed to contain
the true value, they will be assigned the samebpa, bpa .1 = bpa .» = bpa 1 =
bpa .2 =0:5, as illustrated in Figs. 3.3a and 3.3b (blue) with the associated Dempster-
Shafer structures. If, on the contrary, there is more evidence that the actual value
is within one of the intervals, the value of the bpa would be dierent, for example,
bpa .1 = bpa:,; =0:9 and bpa ;> = bpa ;2 = 0:1, as shown in Figs. 3.3c and 3.3d
(red).

Due to the uncertain knowledge of the values of mean and covariance, the uncertain
ellipse is not precisely de ned. Instead, each set of intervals would de ne a family of
ellipses on the impact plane.

Under the assumption of pure aleatory uncertainty, since all pieces of information
(both sets of intervals) are credible and any of them cannot be discarded, the simplest
approach would be to sample both families and build a joint distribution to compute the
PoC. Setting aside the tting method, not important at this stage, the key assumption

is that no matter the combination rule, it would be required to build a single distribution
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@) (b)

(c) (d)

Figure 3.3: Dempster-Shafer structures for and : plausibility (solid
lines) and belief (dashed lines). (a) and (b): intervals equally reliable; (c)
and (d): intervals non equally reliable.

to compute the PoC. If both sets of intervals are equally reliable, the joint distribution

is de ned by an expected miss distance of , = [11:4;6] m and a diagonal covariance
matrix with 2 = 1857:61 m?, 2 =73:96 n¥ (Fig. 3.6a). When one set is given more
credibility than the other, the joint ellipse would be smaller and more similar to the set
of intervals with greater weight. In this case, the joint ellipse in the non-evenly weighed
case is de ned by a miss distance of , = [6:6;6] m and a diagonal covariance matrix
with 2 =331:24 n?, 2 =73:96 n? (Fig. 3.6b). Note that more complex tting could
be implemented (e.g. Kernels, Gaussian Mixture Model), but in any case, they assume

no uncertainty on the variables, and thus, no uncertainty on the computed PoC.
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Independently of the weights distribution, due to the con ict among the intervals,
it can be seen that the joint distribution provides a bigger uncertain ellipse than those
de ned by the intervals, which may make the computed PoC fall in the dilution region,
giving a false sense of safety. Actually, the degree of conict among the intervals
suggests that there is a degree of epistemic uncertainty in the event that cannot be
neglected when computing the risk of the event. DSt will be used to capture this
uncertainty on the position and to quantify the associated uncertainty on the PoC.

Given a belief assignmentto , and , it is possible to compute the Joint Body of
Evidence that is, the FEs obtained from the Cartesian product of the intervals of each
uncertain variables and their associatedbpa, obtained by multiplying the bpa of the
intervals conforming each FE. DSt then allows to transferred the uncertainty along the
system [Soundappan et al., 2004] and be used to evaluate its risk of failure [Helton et al.,
2005]. If using the PoC as the metric to evaluate the risk, it is possible to compute
the associated support on the PoC and use the con dence on its value to evaluate the
safety of the system, i.e. the possibility of a collision. Note, that since the geometry
variables are no longer single-valued, the PoC will be also interval-valued.

With reference to Eq. (3.6),f = PoC, computed with Eq. (3.1), and would be the
desired set of values for PoC. For example, one can de ne =fPoCjPoC < PoCgyg
with P oGy a given threshold on the values of PoC. Then, the joint uncertainty space

U can bedened sothatu=[ ; ; 2; 2; " and write:

= fu2 UjPoC(u)2 g (3.11)

With Eg. (3.11), it is possible to apply Eq. (3.9) to compute the correspondingBel
and PI of the value of PoC. Note that using the complimentary Bel and Pl with is
equivalent to using the non-complimentary functions forPoC P o0Cy. These metrics
would indicate the support, from the available information, that the PoC is greater
than a certain value, and the degree of uncertainty a ecting the correctness of the
value. At this point, it is important to underline that although the theoretical devel-
opment started from the simple calculation of the PoC in Eq. (3.1), this methodology

is applicable to more sophisticated de nitions of the PoC as long as one can identify
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the source of epistemic uncertainty and translate it into a bpa assignment.

Coming back to the illustrative example, given the set of uncertain variables, as-
suming independence on the variables, and no constraints on mean and covariance,
the joint body of evidence would be de ned asU = | ], illustrated in Fig. 3.4.

Being two intervals per variable and two uncertain variables, the joint body of evidence

Figure 3.4: Joint body of evidence for and with each FE's bpa if
intervals equally and non-equally reliable, respectively.

would be constituted by four FEs as detailed in Table 3.1. The rst column identi es
the FE bounds, the second column, the associatedpa if all intervals are assigned simi-
lar credibility, the third column shows the bpaif the rst set of intervals is assigned nine
more times belief than the second set, and the last two columns show the minimum
and maximum PoC within each FE, which will allow building the Bel and PI curves,
respectively.

Having obtained the di erent FEs and the associated bpas, the Pl and Bel can be

computed using Eq. (3.9). According to the de nition of those variables, the Bel would
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Table 3.1: FE with the associatedbpa (for intervals equally and non-equally
reliable) and the minimum and maximum PoC on each FE.

Focal Element bpa (equally bpa (not equally Min PoC Max PoC

v [m] reliable ) reliable) in FE in FE
[4;7],[1; 6:25] 0.25 0.81 1.73x10®> 1.58x101
[4; 7],[4; 36] 0.25 0.09 2.37x10°  1.59x10 !
[15;20],[1,6:25] 0.25 0.09 8.88x10° 3.12x10 ©
[15; 20],[4 36] 0.25 0.01 1.91x10% 1.06x10 ?

take into account all FEs fully supporting and the Pl would consider all FEs partially
supporting the statement. Regarding the de nition of , the set of all FEs whose PoC

is greater than a certain value, the computation of these variables can be performed by
using the minimum and maximum values of the PoC on each FE (last two columns in
Table 3.1). Thus, the Bel is obtained by subtracting to one the bpa at the associated
value of the FE's minimum PoC, since it is the value of the PoC the FE stop fully
supporting higher values are possible. Similarly, thePl is computed by subtracting to
one the value of thebpa of the corresponding FE at the value of its maximum PoC,
when the FE stop supporting higher values of probability. The resulting curves are
displayed in Fig. 3.5 for both cases: when intervals are equally credible (a) and when
more belief is assigned to the rst set of intervals (b).

The curves should be understood as follows. Having selected a safety threshold
PoCy =10 4 (red dashed line), if both intervals are equally reliable it would indicate
that values of PoC above the threshold are possible, although with limited support
(P1 = 0:75). However, when the set of intervals =1[4;7]mand =][1;4] m are
more reliable, it is much more likely (Pl = 0:91). Moreover, in this second case, the
con ict between information is much smaller with a smaller gap between curves both,
overall and at the P oCy, which makes sense if thinking that more reliability is given to
the source suggesting a higher-risk encounter. In dashed-pointed blue, the joint ellipse
distribution PoC, POC, is shown. It is worth noting the great gap between curves at

that value, which indicates the uncertainty a ecting this value in both cases.
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(@)

(b)
Figure 3.5: Bel (dash line) andPI (solid line) curves of the PoC. (a) Equally
reliable intervals; (b) one interval being more reliable than the other.

3.2.2 Data fusion

DSt allows for the combination of di erent sources of information (e.g. information
received from di erent sensors). It is common in engineering problems that information
comes from di erent sources which may present better or worse quality and may provide

coherent or con icting information. If on top of that, information is not precisely known
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(contains epistemic uncertainty), DSt's combination rules can be used to meaningfully
fuse those pieces of evidence and to account for the conict among them [Sentz and
Ferson, 2022, Ferson et al., 2003].

The combination rules consist of techniques to aggregate information coming from
di erent sources in the context of evidence theory and interval-set variables. More
precisely, they combine thebpa assignments (or the Dempster-Shafer structures) for
each variable provided by the sources to provide a single mass dwpa distribution.

There are many rules mainly diverging in the way they treat and quantify the
con ict among rules. The main assumption common to all of them is the independence
of the sources. Some rules emphasise the agreement, discarding the con ict (conjunction
rules), others may prioritise one source among the others (disjunction rules), and most
lie in between, giving more or less importance to the con ict among sources. It is worth
noting that the selected combination rule will have a great impact on the system risk
assessment, since the combinetipa distribution may be greatly a ected [Sentz and
Ferson, 2022].

The rst proposed rule was Dempster's Combination rule [Dempster, 1967]. This
rule completely ignores the con ict, assigning to the null set any bpa associated with
it. Eq. (3.12) shows the formula to combinen sources of information. Thus, it may
provide counterintuitive conclusions if there is very little agreement among sources (e.qg.
example of the doctors in [Zadeh, 1984b] p.82). Moreover, if the information from the
sources is completely in con ict, this rule cannot be used.

8 i n, bpa( 1)
< bpa::n( ) = il 1 |l21 Zif 6

bpa.:;:n( ) =0 if = (3.12)

P Q
where K =\ ¢~ bpa( i)

Di erent rules have been proposed to overcome these limitations, like Yager's rule
[Yager, 1987], also known as Modi ed Dempster's rule, whose main di erence is the
assignment of conict. Instead of ignoring con ict, it attributes the mass of the con-
ict to the universal set, which should be understood as the degree of ignorance: any

statement supporting the whole set (that is, not prioritising any outcome) or any set
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not supporting the same information should be understood as lack of knowledge on the
actual system. Inagaki's rule [Inagaki, 1991] generalises Yager's rule and creates a con-
tinuous parametrised class of rules (including Dempster's and Yager's rules). Inagaki's
rule works only if there is no detail on the reliability of the sources. Zhang's Center
combination rule [Zhang, 1994], which allows obtaining information from one set of
discernment from the information on another logically related set, modi ed Dempster's
rule on the treatment of the intersection between sets introducing a measure of in-
tersection. Dubois and Prade's Disjunctive rule [Dubois and Prade, 1986, Dubois and
Prade, 1992], on the other hand, proposes a disjunctive rule, which may be prone to
more imprecise results.

Other rules are based on the averaging process, such as a discount-combine method
[Shafer, 1976], mixing rule or convolutive averaging rule [Ferson et al., 2003]. The mix-
ing (also called averaging) rule generalises the averaging of distributions in probability
theory (towards it would simplify if intervals reduce to single points), so it could be
seen as the logical step coming from aleatory uncertainty [Sentz and Ferson, 2022]. The
mixing rule is based on equation Eq. (3.13) [Ferson et al., 2003], whene is the number
of sources, 1.:n the bpa of the combined sources, and; the bpa of source \i" for the

same set.

X
bpan( )= = bpa() (313)
i=1

However, the mixing rule presents an advantage, it allows waiting for the sources of
information regarding their reliability (i.e. information coming from the own sensor is
usually considered more reliable than third party's sensors). In the case sources are not
evenly weighted, the combinedbpa should be computed using Eq. (3.14) [Ferson et al.,
2003], wherew; is the relative weight of source \i". If the di erent sources provide any
interval equal to another source, a nal step should be added so that thebpa of all

equal intervals is summed up.
1 X
bpai:::n( ): LW Wibpa( ) (3-14)

P =1

Below, an example will show the behaviour of Dempster's rule and the Mixing
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rule when two sources provide information on two variables. Note that this example
resembles the previous one, however, instead of one source providing two intervals per
variable, two sources provide one interval each. Both rules would operate the same
if any or both of them provide more than one interval or even a di erent number of
intervals per variable.

Two sources of information are providing information on a close encounter.

, and the HBR are known without ambiguity, however, and are provided
as intervals. Each source provides a single interval per variable, thus thépa of each
interval for each interval is equal to 1. Source 1 indicates that 2 [4;7] m and

= [1;6:25] m, while Source 2 proposes that 2 [1520] m and = [4;36] m.
Fig. 3.6 illustrates this uncertain geometry. In the gure, the HBR centre at the chase
and in the centre of the impact place reference frame appears in solid yellow. In red
(dashed and pointed-dashed for the 1 and 3sigma, respectively) is the frequentist
ellipse presented in some paragraphs above. It encapsulates all the information by
tting a single ellipse. Finally, the two families of 3 ellipses provided by each source
appear in blue and green, respectively. Each of those families is represented in the
gure by a nite set of all possible ellipses de ned by the intervals supported by the
corresponding source. Thus, for Source 1, the green ellipses have sizes and positions
drawn from the intervals =[4;36] mand 2 [15;20] m, respectively (note, the
ellipses are not concentric since is not single-valued).

Due to the epistemic uncertainty and the interval-valued variables, the uncertain
ellipses become a set of ellipses, as mentioned before. The blue ellipses are associated
with Source 1, while the green ellipses are associated with Source 2. The red ellipses
would correspond with the joint ellipse for the probabilistic case as explained in the
previous example (Fig. 3.6a with sources equally reliable and Fig. 3.6b with sources
non-equally reliable). The yellow circumference represents the HBR of the combined
objects.

If combining the sources with Dempster's rule, one would obtain a combined interval
for =[4;6:25] m with bpasg = 1. However, for , there would not be any value in

receiving any support due to the con ict among sources

Robust Al for STM Luis Sanchez Ferrandez-Mellado 62



Chapter 3. Evidence-based conjunction classi cation system

@)

(b)

Figure 3.6: Conjunction geometry on the impact plane centred on the
chaser. (a) Sources equally reliable. (b) Sources non-equally reliable.

Using the mixing rule instead, the set of intervals after combining the sources of
information is included in Table 3.2, both with all sources are equally reliable wa =
wg = 0:5) and if Source 1 is more reliable va = 0:9 and wg = 0:1). Fig. 3.7 shows

the combined Dempster-Shafer structures for each variable for the di erent situations.
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Table 3.2: Intervals provided by sources with their bpa before and after
being combined with the mixing rule for the equally reliable (upper tier) and
non-equally reliable (lower tier) cases.

Weights Intervals [m] Intervals [m] bpa Combined bpa
Source 1 0.5 [4,7] [1,6.25] 1 0.5
Source 2 0.5 [15,20] [4,36] 1 0.5
Source 1 0.9 [4,7] [1,6.25] 1 0.9
Source 2 0.1 [15,20] [4,36] 1 0.1

@) (b)

(c) (d)

Figure 3.7: Dempster-Shafer structures for and , before combining

sources (black and green, plausibility in solid lines, belief in dashed lines)
and after combining sources with Dempster's rule (pink shaded region) and
mixing rule (dashed-pointed line, blue equally reliable, red non-equally reli-

able): (a) and (b) sources equally reliable; (c) and (d) sources non-equally
reliable.
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Note that if there is absolute con ict among sources, as it happens for in the
example, Dempster's rule cannot provide a combined Dempster-Shafer structure. It is
worth noting that if a single source of information provides the same intervals as each of
several sources of information, and assigns to them bpa equal to the reliability of the
sources (example in Section 3.2.1 and the example above), the nal Dempster-Shafer
structure is the same (compare Figs. 3.3 and 3.7). Thus, for the rest of this work, when

more than one source provides information, the weighted mixing rule is applied.

3.3 Conjunction classi cation criteria

This section presents how to usdel and Pl as additional criteria to classify conjunction
events. A classi cation purely based on PoC will be compared with a classi cation that
includes Bel and PI. This classi cation criterion will form the ground for the rest of

the theoretical developments and applications in the following chapters.

3.3.1 Probability of collision as classi cation criterion

When the PoC in Eq. (3.1) is used as the single classi cation criterion, it is customary
[Muelhaupt et al., 2019] to de ne a series of thresholds on the value of PoC, each of
which activates an alert or a recommended action. Di erent operators employ di erent
amounts of thresholds and di erent values and some of them, even employ variants
of the PoC to trigger the alerts, but in all the cases, the common factor is the use of
the computed value of the risk metric, without taking into account the support on its
correctness. More details on some of these approaches are given in Chapter 7.
Generally speaking, events presenting a value of PoC above a certain threshold
start an assessment process, usually requiring additional tracking. If the risk remains
at that level longer or a higher PoC is obtained, the planning of a CAM becomes
necessary, and eventually, a CAM execution should be implemented. The details of
the process vary from operator to operator, with variations on the speci ¢ value of the
thresholds, the action to be carried out or the inclusion of other considerations, like

the Time of Closest Approach (TCA), or derived metrics, as the Scaled Probability
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of Collision (sPoC). For example, the CARA team of the NASA uses two thresholds
(10 7 and 44 x 10 %) [Newman et al., 2014]. Anything below the former threshold
is considered to be low risk while everything above the latter threshold is considered
high risk and anything in between deserves further investigations. The European Space
Agency's (ESA) Space Debris O ce (SDO) team also considers the time to the TCA
and performs a CAM if the value of the PoC is higher than a given threshold some
days before the TCA [Merz et al., 2017]. Nevertheless, no matter the speci ¢ values
and metrics, all these approaches and criteria always assume that the PoC is a ected
exclusively by aleatory uncertainty and propose an action based on the computed value,

not paying attention to the uncertainty of this value or its degree of correctness.

3.3.2 Evidence-based classi cation criteria

As explained in the previous section, a classi cation based solely on the PoC triggers
actions when its value is found to be higher than the given thresholds. However, no
information is given on the correctness of the PoC. Thus the operator might react
to false positives or do nothing in the case of false negatives. Furthermore, unknown
cases, that require further observations, are identi ed only by the thresholds and not
by an actual quanti cation of the degree of ignorance of the PoC.

Consider now the case in which one can quantify theBel and Pl that the PoC is
above a givenP oCy threshold. In this case, three additional pieces of information are
available to the operator: the value of Bel, the value of Pl and the gap between the
two, the DoU. A large gap betweenPl and Bel implies that there is either a lack of
information on the calculation of PoC or uncertainty on the available information, for
example, due to conict on the dierent pieces of data. If both Bel and PI at the
computed value are low, there is little evidence that the value of PoC is to be trusted,
or if the Bel and PI are low at the selected threshold, higher values are not expected.
The opposite is true if those values are high: a greater value of PoC would be likely
according to the available information.

Starting from these considerations one can devise a classi cation that allows op-

erators to di erentiate between high-risk, low-risk and uncertain events based on the

Robust Al for STM Luis Sanchez Ferrandez-Mellado 66



Chapter 3. Evidence-based conjunction classi cation system

degree of uncertainty in the correctness of thePoC. In Table 3.3, this possible classi-

cation criterion, Criterion 1, exploiting Bel and PI is presented.

Table 3.3: Evidence-based conjunction classi cationCriterion 1.

CRITERION 1
PoC value DoU at P6C Bel and Pl at P6C Class
DoU > - NK-1
PoC P0G PI<Plyg NK-2
DoU Bel Bel, HR
DoU > - NK-1
PoC <Po0Cy PI<Plg NK-2
DoU Bel Belg LR

Criterion 1 provides three possible outputs, High-Risk (HR), Low-Risk (LR) and
Not-Known (NK). The last class presents two subclasses: subclass NK-1, when PoC
present a high DoU, being too much uncertainty to make a con dent decision and
requiring more information to be acquired; and subclass NK-2, where there is low
con dence on the correctness of the PoC value, meaning a decision cannot be made

based on that value of PoC.

3.3.3 Criteria comparison

In this section, a database of virtual conjunction geometries with di erent combinations
of miss distances and standard deviations is used to compare the di erent classi cation
methods: a classi cation method solely based on the value of PoC and the evidence-
basedCriterion 1, which uses also thePl and Bel of the PoC.

Five di erent scenarios were identi ed, depending on the information provided by
the two sources, so that relevant encounter geometries are covered. More sources could
have been considered, but no new cases would appear regarding con ict among them.
The de nition of each type of geometry is included in Table 3.4, including the inter-
vals of the uncertain variables characterising the encounter geometry. On each set of
geometries in the table, the rst row refers to the bounds for the intervals provided by

Source 1 and the second row for Source 2. Geometry 1 represents cases where the fam-
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ilies of ellipses provided by both sources tightly overlap each other and both intersect
the HBR. In this scenario, both sources are in agreement and support the fact that a
collision might occur with high probability. Geometry 2 are cases where the two sets
of ellipses tightly overlap each other but do not intersect the HBR. In this scenario,
both sources are in agreement and support the fact that a collision is unlikely to occur.
In Geometry 3, both sources are disjoint and only one intersects the HBR. In this
situation, there is a high degree of uncertainty about the correctness of the prediction.
In Geometry 4, both sets are disjoint but none intersects the HBR. In this scenario,
the joint distribution at 3  is assumed not to intersect the HBR thus, although the
sources are in disagreement, the conclusion is that a collision is unlikely to happen.
Finally, Geometry 5 includes cases where the ellipses are disjoint not overlapping the
HBR, but the joint distribution at 3  does intersect the HBR. In this case, the sources
are in disagreement but the conclusion could be that a collision is highly likely to occur
becausePOC is high. Without losing generality, the cases on the database for this

analysis assume =0.

Table 3.4: Bounds for upper and lower limits of the uncertain variables'
intervals ( p and ) for each geometry set. The rst row represents the
bounds for Source 1 and the second row for Source 2. Units in meters.

Geom. Characteristics [m] [m] [m] [m]
Geo. 1 Sets of ellipses overlapping [0,10] [0,7] [0.1,4] [0.2,2]

' Both sets overlapping HBR [0,10] [0,7] [0.1,4] [0.2,2]
Geo. 2 Sets of ellipses overlapping [750,1000] [-100,100] [10,25] [10,18]

' No set overlapping HBR [750,1000] [-100,100] [10,25] 1[10,18]
Geo. 3 Sets of ellipses not overlapping [0,10] [0,7] [0.1,4] [0.2,2]

' One set overlapping HBR [750,1000] [-100,100] [10,25] [10,18]
Geo. 4 Set of ellipses not overlapping [750,1000] [200,500] [10,25] 1[10,18]

' No set overlapping HBR [500,800] [-300,0] [10,25] [10,18]

Sets of ellipses not overlapping [30,200] [30,200] [3,12] [3,12]

Geo. 5 No set overlapping HBR [-200,-30] [-200,-30] [3,12] [3,12]

Combined ellipse would overlap HBR

Geometry 1 and 2 present low con ict between the sources and can be expected to
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provide high Bel at POC with smaller DoU. Geometry 1 will have POC > PoCy and
Geometry 2 will have POC < PoCy. Geometry 3 includes con ict cases, but depending
on the distribution of con dence among the sources, they can present high or low values
of Bel at POC (LR and HR, respectively) or big gaps betweenP| and Bel (Not Known
due to uncertainty, NK-1). The key di erence between Geometry 5 and 3 is that in
Geometry 5 the high value of POC is an artefact because both sources think that no
collision is going to happen.

A total of 3,000 sample geometries were created, 600 samples for each type of
geometry. Within this 600 samples per geometry, one-third (200 samples) corresponds
to cases where both sources are equally reliable, another 200 samples to cases where
Source 1 is nine times more reliable than Source 2 and the remaining third of the
samples to cases where Source 1 is nine times less reliable than Source 2.

In Fig. 3.8, one can see one example of the geometry of an encounter event of the
family Geo. 1 with the associatedBel and PI curves (black) and the key PoC values:
the P oCy threshold, the joint ellipse POC value (red), and the P oC, value at the Bel
threshold (green). Examples of the other families can be found in Appendix B. It is
now possible to compare the outcome of the di erent classi cation methods.

To allow for an easier classi cation for the purely aleatory case, only one risk thresh-
old, P oGy, is considered to distinguish between Collision and No-Collision: if the com-
puted value of the PoC is greater than the threshold, the event is classi ed as Collision,
otherwise, it is catalogued as No-Collision. The values of this one and the other thresh-
olds used for the classi cation can be found in Table 3.5.

Table 3.5: Classi cation thresholds.

Parameter Units Value Criterion
Probability of Collision ( PoCy) [-] 44104 1,2,3
Degree of Uncertainty () [-] 0.3 1,2, 3
Belief (Belp) [] 0.5 1,2,3
Plausibility ( Plp) [] 0.5 1
Lower time threshold (T;) [days] 2 3
Upper time threshold (T>) [days] 4 3

Fig. 3.9 shows two histograms comparing a classi cation based only on PoC and
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(@)

(b)

Figure 3.8: Representative scenario of a single case @eo. 1: (a) en-
counter geometry, (b) the associatedBel and Pl curves.

a classi cation that accounts for Bel and Pl at POC. Blueppshaded cases correspond
to events classi ed as collision by the PoC-based approach, while red-shaded events
correspond to safe encounters according to this same criteria. Di erent shades corre-
sponds to di erent classi cations using the evidence-based criteria, with darker shades

corresponding to HR, lighter shades to LR, and intermediate shades to NK-1 and NK-2
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situations.

While the right histogram shows that using only the value of the PoC half of the
events are safe, and only an action is required on the other half. However, when
attending to the epistemic uncertainty (right histogram), it indicates that the value of
the computed PoC can be trusted on a small fraction of events(a small gap between
Pl and Bel), while the rest of the scenarios are a ected by epistemic uncertainty. This
also indicates than using a single ellipse to characterise the whole uncertainty a ecting
an event, no matter the type or the source, is not reliable. For the numerical values
of each of the bars in Fig. 3.9, broken down by Geometry families, go to Table B.1 in
Appendix B.

However, this classi cation, where the vast majority of events are classi ed as not
known based on the current evidence, is not useful from the operation point of view.

Thus, a new evidence-based classi cation criterion is proposed.

(a) (b)

Figure 3.9: Histograms comparing criterion using (a) only the value of PoC
and (b) the evidence-basedCriterion 1. Each colour represents the fraction
of samples from each bin on the histogram (a) that moves to one of the bins
on the histogram (b).
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Consider now the value of PoC at whichBel switches fromBel Belg to Bel <
Belg, referred to asPoGC,. If PoC, P0Gy the operator has enough evidence that any
value of PoC betweenP 0Cy and P oG, is credible and, therefore, the event has to be
classi ed as High-Risk. If PoC, < PoCg then one has to check the DoU gap atP 0Cy
and beyond. If the gap atP oG is high, then there is some evidence that supports the
fact that the event might be high risk but there is not enough information to make a
decision. On the contrary, if the gap is small one can consider the event low-risk. Based
on this reasoning, Criterion 2 can now be introduced as a new classi cation criterion
as de ned in Table 3.6.

Table 3.6: Evidence-based conjunction classi cationCriterion 2.

CRITERION 2
PoC at Belg DoU at PoCgy Class
PoG, PoC - HR
DoU LR
PoC,<PoCy DoU > NK

Using the samples of the previous example, Fig. 3.10 shows two histograms compar-
ing the Probabilistic criteria based only on the POC (Fig. 3.10a) and the evidence-based
Criterion 2 (Fig. 3.10b), using the thresholds indicated in Table 3.5. The left plot is
the same as in Fig. 3.9, showing the encounters classi ed as high risk (blue-shaded)
and as no collision (red-shaded). The dierence is on the left side, where the newer
evidence-based criterion is used. With this criterion, the classi cation does not rely
anymore on the computed PoC, that as seen in the previous gure, is not reliable.
Instead, only using the available evidence and the values of loss of support, a more
informed decision can be obtained. On the one hand, the HR and LR cases are now
granted to be uncertainty-free, while the cases a ected by uncertainty are now a small
proportion. It can be seen as well that the PoC-based criteria erroneously classify some
events as high risk, where the evidence from all sources indicates it does not possess
any risk (dark blue column).

For the numerical values of each of the bars in Fig. 3.10, broken down by Geometry
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families, see Table B.2 in Appendix B.

(@) (b)

Figure 3.10: Histograms comparing criterion using (a) only the value of
PoC and (b) the evidence-basedCriterion 2. Each colour represents the
fraction of samples from each bin on the histogram (a) that moves to one of
the bins on the histogram (b).

All events still classi ed as Not-Known would suggest two actions: perform a CAM
or acquire more information. The decision is often dictated by the available time and
resources. If the time to impact is included, one could further re ne the classi cation

and make a decision based on the available time to obtain better-quality data.

3.3.4 Extended evidence-based classi cation criterion

In order to improve the decision-making process, it is desirable to include other param-
eters on top of Bel and Pl at a given PoC. The goal is to improve the con dence in
the decisions of the operators. In particular, decision support is required in all those
cases that are classi ed as Not-Known.

To this end, in this section, the classi cation process is extended by including the

TCA. Two time thresholds were considered, dividing events into long-term, mid-term
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and instantaneous. Table 3.7 summarise€riterion 3 and its outcome: a 5-fold classi-

cation. Events in Class 1 are High-Risk and require the execution of a CAM. Events

in Class 2 are High-Risk but there is time to collect better information, either to im-

prove the manoeuvre planning or re-assess the level of risk. Events i@Glass 3 are not

supported by enough evidence to make a con dent decision, but there is su cient time

to acquire more information and allocate new measurements. Events irfClass 4 are

Low-Risk and the time to the encounter is high enough to acquire further information

if desired. Events in Class 5 are Low-Risk but there is little time to acquire further

information, proposing to the operator no further actions to be taken concerning the

event. Events with a high level of uncertainty but close to the TCA are classi ed as

Class ], instead of Class 3 as the DoU would have suggested, choosing a conservative

approach enhancing safety.

Further analyses can include other considerations, such as a comparison between

the risk of the event and the inherent risk of executing a manoeuvre or the cost of

the manoeuvre against the cost of the satellite pondered by the risk of the encounter

(Chapter 8).

Table 3.7: Evidence-based conjunction classi cationCriterion 3.

CRITERION 3
Time to TCA PoC at Belo DoU at PoCgy Class
PoCG, PoCG - 1
trea <T1 DoU 5
PoC,<PoCy DoU > 1
PoG, PoC - 2
T1 trea <T»> DoU 5
PoC,<PoCy DoU > 3
PoG, PoC - 2
T2 trca DoU 4
POCb <PoCgq DoU > 3

Fig. 3.11 shows the histograms comparing the probabilistic classi cation with this

last Evidence-based approach using the same sample as the previous examples and

the thresholds stated in Table 3.5.
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three di erent times to the TCA (one per each time bin: long-term, mid-term and
instantaneous) were associated with each sample, creating three events per sample.
For the numerical values of each of the bars in Fig. 3.11, broken down by Geometry

families, see Table B.3 in Appendix B.

(@) (b)

Figure 3.11: Histograms comparing criterion using (a) only the value of
PoC and (b) the evidence-basedCriterion 3. Each colour represents the
fraction of samples from each bin on the histogram (a) that moves to one of
the bins on the histogram (b).

The new histogram shows a more comprehensive classi cation, yet, clear to un-
derstand from the decision-making point of view. Most of the cases classi ed as No-
Collision initially remain in classes associated with low risk Class 4 and 5), with the
exception of a very small fraction catalogued a<Class 3 which indicates cases with a
low POC tends to be more reliable. However, cases initially classi ed as Collision are
now spread along the di erent classes. Around a third are in high-risk classeslass 1
and 2), associated with Geo. 1 cases orGeo. 3 cases with more weight in the source
whose information was closer to the HBR. There are some samples where more infor-

mation is required. They are related to those scenarios with sources providing con ict
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information that, due to the construction of the joint distribution, were catalogued as
Collision initially, although not all evidence supported that. Finally, there are Collision
examples that are moved to lower-risk classes with the new classi cationGeo. 5 are
the most representative cases of this situation, where the higiP0C was an arti cial

value, and now the lower risk associated with both sources is better detected.

3.4 Chapter summary

This chapter presented a methodology to model aleatory and epistemic uncertainty on
space conjunction risk assessment. Aleatory uncertainty on the position was modelled
following a classical probability approach with a Gaussian distribution. Epistemic un-
certainty was introduced as uncertainty on the actual value of the Gaussian distribution
parameters. The method allowed evaluating the con dence in the correctness of the
value of the PoC associated with the close encounter.

An evidence-based classi cation criterion was proposed based on the DSt method to
provide operator robust decision-making support to deal with conjunction events. The
criterion takes the uncertain encounter geometry, and classi es the event in one of the
5 proposed classes, depending on the level of support and the amount of uncertainty on
the inputs. The methodology was compared against a classical probability approach,
showing its capacity to correctly identify encounters and to detect cases where more
information was required to make a con dent decision.

This evidence-based framework will be the core aspect of the rest of this work, used
along with the di erent methods and applications presented in the next chapters. The
last classi cation criterion introduced above will be also further used in this document

and extended according to the new developments introduced in the following chapters.
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Chapter 4

Modelling epistemic uncertainty

In Conjunction Data Messages

The content of this chapter was partially published in:

Snchez, L., Vasile, M., Sanvido. S, Maerz, K. and Taillan, C.,
\Treatment of epistemic uncertainty in conjunction analysis with
Dempster-Shafer theory”, Advances in Space Research
submitted. [Sanchez et al., 2024]

In satellite operations, it is common practice to use Conjunction Data Messages
(CDMs) [CCSDS, 2013] when dealing with conjunction events. The CDMs are a com-
munication protocol established more than a decade ago for standardising the com-
munication shared with operators containing the information of a close encounter, its
epoch, the relative state, and data of the satellites involved in the encounter, includ-
ing its positions and the quanti cation of their uncertainty. However, the model of
uncertainty is not transparent. It is customarily assumed that the distribution of pos-
sible positions of the two objects at the time of closest approach follows a multivariate
Gaussian with a given mean and covariance matrix [Merz et al., 2017]. In practice,
there is little transparency to retrieve the uncertainty at the observation epoch and it
is virtually impossible to discern the sources of uncertainty (e.g. sensors, propagation
and dynamic errors).

When receiving a series of CDMs there is no standardised protocol of how to treat
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them, and more importantly, how to deal with the encoded uncertainty. In any case, itis
clear that there are sources of epistemic uncertainty (lack of knowledge) on some of the
steps to obtain the information on the CDM. However, most of the current applications
do not take into account this type of uncertainty [Laporte and Moury, 2013, Laporte,
2014a,Newman et al., 2014,Braun et al., 2016,Merz et al., 2017,Stroe et al., 2021] in the
analysis. In this chapter, a methodology to model the epistemic uncertainty implicitly
contained on the CDMs sequences is proposed. This model also allows integrating this
uncertainty on the Dempster-Shafer theory of Evidence (DSt) framework proposed in
the previous chapter, providing a complete system to operationally assess the risk of
close encounters.

The rest of the chapter is structured as follows. Section 4.1 shows the presence
of epistemic uncertainty on the sequences of CDMs and the necessity to account for
it. The next section, Section 4.2, introduces a methodology for accounting for the
epistemic uncertainty under DSt based on the concepts of Dvoretzky-Kiefer-Wolfowitz
(DKW) inequality and p-boxes. Section 4.3 shows a numerical example based on a real
sequence of CDMs. A sensitivity analysis based on this example is shown along with
the robustness of the methodology when dealing with poor quality CDMs. Finally,

Section 4.4 indicates the main contributions of the chapter.

4.1 Epistemic uncertainty in the CDMs

The information on a given close encounter is generally available in the form of a CDM,
which contains the means and covariances of the two objects at the Time of Closest
Approach (TCA) [CCSDS, 2013]. As indicated, uncertainty on the objects' position
involved in a close encounter is usually assumed to follow a multivariate Gaussian
distribution, which is used to model the actual distribution on at the encounter, the
dynamic model error and the observation noise. However, this yields some problems,
like the probability of dilution, as shown in the previous chapter.

The general attempt to compensate for the uncertainty in the CDMs is to improve
the covariance matrix model by improving its propagation [Aristo et al., 2014] or by

some form of updating of the dynamic model [Cano et al., 2023]. These approaches
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are all very valuable but require direct access to the post-observation data. Other
methods based solely on the available CDMs tried to predict the next CDMs using
machine learning starting from an available time series [Pinto et al., 2020, Acciarini
et al., 2021, Caldas et al., 2023] or increased the last covariance under the assumption
that the series of CDMs should follow a given distribution [Laporte, 2014a, Laporte,
2014b]. This last approach does not modify the mean value or miss distance.

So far, only a limited number of authors have directly addressed epistemic uncer-
tainty in conjunction analysis [Tardioli and Vasile, 2015, Delande et al., 2018, Balch
et al., 2019, Greco et al., 2021]. In the previous chapter, a robust approach to con-
junction analysis based on DSt was presented, allowing making decisions based on the
degree of con dence in the correctness of a value instead of based the decision on a sin-
gle value of the metric [Helton et al., 2005]. However, the available information to build
the frame of discernment that is needed in DSt is often limited in a sequence of CDMs.
CDMs contain little information on the three forms of uncertainty listed above and es-
sentially only provides covariance and miss distance. Thus, one key question is how to
translate the time series of CDMs into the frame of discernment used in DSt, based on
interval-valued variables with the associated basic probabilistic assignmentlfpa). The
underlying assumption adopted in this work is that the CDMs are observables drawn
from an unknown family of distributions de ned within some bounds. Without uncer-
tainty, one would be able to predict exactly the next CDMs as the mean and covariance
would only depend on observations with known distribution and there would not be
any uncertainty in the propagation model and distribution at TCA. Furthermore, the
CDMs computed from observations acquired close to the TCA are assumed to be less
a ected by model and distribution uncertainty. This is reasonable as the propagation
time is shorter and thus both nonlinearities and model errors have a lower impact on
the propagation of the distribution of the possible states.

In the next section, a methodology based on the DKW inequality [Dvoretzky et al.,
1956] is introduced to derive a DSt structure capturing the epistemic uncertainty in a
given sequence of CDMs. From the DSt structures, one can derive the BelieBgl) and

Plausibility ( PI) that the value of the Probability of Collision (PoC) is correct and an
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upper and lower bound on its value as explained in the previous chapter.

4.2 Methodology

This section presents a method to integrate sequences of CDMs within the evidence-
based framework introduced in Chapter 3. The use of DSt to model epistemic uncer-
tainty does not require any assumption on the probability of an event and also captures
rare events with low probability. On the other hand with no direct information on mea-
surements and dynamic model, one can only rely on the CDMs to de ne the FEs and
associated probability masses.

The rst step is to derive the FEs from the time series of miss distances and co-
variance matrices in the CDMs. In accordance with DSt, no prior assumption is made
on the underlying distribution of the CDMs and, instead, it is considered that each
CDM is drawn from an unknown set of probability distributions. The assumption is
that the value of the uncertain vector u in each CDM is a sample drawn from the
set of unknown distributions. The DKW inequality [Dvoretzky et al., 1956] is used
to build an upper and lower bound to the set starting from the empirical Cumulative
Distribution Function (eCDF) derived from the sequence of CDMs. This con dence
region resembles the Dempster-Shafer structures obtained with the intervals antbpas
(Fig. 3.3).

Note the similarity between the family of ellipses derived from the set of intervals in
the DSt approach in Section 3.2.1 (Fig. 4.1a) and the set of ellipses from the sequence
of CDMs (Fig. 4.1b). This idea lies behind the proposed method and underlines the
fact that the set of CDMs presents some forms of epistemic uncertainty.

Given a sequence of CDMs, it is possible to compute the eCDF (solid blue line in
Fig. 4.2) of the uncertain variables, a step-function approximating the actual unknown
distributions (if any), from where the CDMs are drawn from. However, given the
limited number of samples, there is a range of possible distributions compatible with
the eCDF, showing the epistemic uncertainty presented in the system. The DKW

inequality de nes the following upper and lower bounds (dashed green lines in Fig. 4.2)
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around the eCDF F(X):
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Figure 4.1: Encounter geometry on the impact plane: family of ellipses
from (a) a DSt analysis with one interval per source, (b) sequence of CDMs.
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Figure 4.2: DKW region for a given set of samples. The width of the
region, ", is indicated. In solid blue the eCDF, in dashed green the DKW
bands, and in dashed-pointed orange the CDF of the equally weighted sum
of Gaussian distributions centred at the samples.

From the con dence region de ned by the DKW bands, it is possible to derive the
probability box or p-box [Ferson et al., 2003, Ferson et al., 2007, Liu et al., 2017a] of
the data. A p-box is a set of all Cumulative Distribution Functions (CDFs) compatible
with the data, that is, the bounded region containing all distributions from where the
set of samples may have been drawn [Ferson et al., 2007]. The upper and lower bounds
of the p-box should be monotonic non-decreasing curves, ranging from 0 and 1, so that
F(x) F (x) F(x), with F(x) and F(x) the upper and lower bounds of the p-box
for variable x [Ferson et al., 2003].

In this work, the p-box bounds are computed from the CDF of a weighted sum
of univariate Gaussian distributions, each one centred at one of the samples. More

formally, the assumption is that F (x) can be approximated by:

Z inf X
F(x) P ()= WiN (xi; ;%) dX; (4.2)

inf i
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with X; the realisations of the uncertain variable x, w; a weight associated with each
sample, and ; the variance of the Gaussian distribution associated with the ' sample.
See Fig. 4.3 for an illustrative example. Implicitly, it implies that each sample presents
some uncertainty which is modelled with a Gaussian distribution (grey lines in Fig. 4.3).
This distribution represents the con dence in the sample's value.

with x; the realisations of the uncertain variable x, w; a weight associated with
each sample, and ; the variance of the Gaussian distribution associated with the ith-
sample. See Fig. 4.3 for an illustrative example. Implicitly, it implies that each sample
presents some uncertainty which is modelled with a Gaussian distribution (grey lines in
Fig. 4.3). This distribution represents the con dence in the sample's value. By doing
S0, it is admitted that when observing a sequence of CDMs it is not possible to tell from
which exact distribution that sequence is drawn. This is consistent with the available
sequences of real CDMs and the approach adopted by the Centre National d'Etudes

Spatiales (CNES) to model the uncertainty in the covariance (see Chapter 7).

Figure 4.3: Gaussian distributions centred at the samples for building
the eCDF t. In blue the eCDF, in grey the pdf of individual Gaussian
distributions, and in orange the CDF of the equally weighted sum.
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In order to de ne the p-box's limits, the two free parameters on each Gaussian
distribution on the weighted sum, w; and ;, must be computed by solving these opti-
misation problems:

8 8
<

< P(x)=maxw,:  P(x;wi; i) . ) min(L;Fa(x)+ ")

¢
P max(0;Fa(x) )

P
, (4.3)
P

P(x)=minw,; , P(X;wi; i)

whereP (x); P (x) are the upper and lower bounds of the p-box, respectively. An approx-
imation to P (x);P(x) can be computed by nding the values ofw; and ; in Eq. (4.2)
that best t the upper and lower DKW bands (red dashed-pointed line in Fig. 4.4):

8
S P PM)=tw; (Fa(x)+ )

P(x) P(X)=1t w; (Fa(x) )

(4.4)

Eq. (4.4) gives the upper and lower bounds on the probability of realisation of a
particular value of the uncertain vector u, but the de nition of a set of intervals for
each component ofu requires the de nition of the range of each component. Eq. (4.2)
suggests that each p-box has in nite support. However, this would lead to an incon-
venient in nite range for variance and miss distance. Instead, in the following a more
practical interval [ x;X] is de ned such that:

Z, Zx

wiN (X1; 1;x)dx =0:99; Wi N (Xn; i;X)dx =0:99, (4.5)
X 1

It is important to note that the assumption is that the miss distance and each
component of the covariance can be treated independently. Although this is generally
not the case, the independence assumption in this paper leads to a more conservative
set of focal elements that cover the space of realisations of the uncertainty vector.
Although this can lead to over-conservative decisions, it is deemed to be acceptable in

the case of high-risk events with little available information.
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Figure 4.4: p-box derived from a DKW region. In solid blue the eCDF,
in dashed-green the DKW bands, in dashed-pointed red the p-box, and in
dashed vertical black the 1% and 99% percentiles of the upper and lower
p-box bounds, respectively.

4.2.1 Scaling of the CDMs

The approach described in above assumes that every CDM in a sequence has the same
relative importance and no additional source of information is available to qualify each
individual CDM. However, as the t2T CA decreases, so does the e ect of the uncer-
tainty on the true shape of the distribution on the impact plane and the e ect of
model uncertainty in the propagation. Fig. 4.5a shows the normalised determinant
of multiple sequences of covariance matrices taken from the database of the Euro-
pean Space Agency's (ESA) Collision Avoidance Kelvins Challenge [European Space
Agency, 2019, Uriot et al., 2022]. The database contains 13,152 sequences of CDMs
of some of the Low Earth Orbit(LEO) satellites monitored by the ESA's Space Debris

O ce (SDO). The gure shows that one can t the simple exponential law y = e

to the magnitude of the determinant (red thick line in the gure). However, one cannot

simply trust later CDMs due to large uncertainty in each individual sequence. Thus,
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the following t for each individual sequence is proposed:

y =Cé® +B AB;C 0 (4.6a)

k k

4.6b
maxcpwms (K K) (4.60)

y:

t = (l maXcpms (IZTCA))
(minCDMS (t2T CA) maXcpwms tZTCA)

(4.6¢)

Once the parametersA,B and C are tted to the samples from a given sequence,
the following weight is associated with each CDM in that sequence. This tting process

is repeated each time a new CDM is added to the sequence.

1

y (t2TCAcpwm ;) 47

Wepwm; =

The weight is applied to each sample in the eCDF used to compute the DKW
bounds: the probability mass associated with each sample is re-scaled by a factor
Wcpm ;- See Fig. 4.6 where the eCDF of for an example with ve observations is
shown both with samples equally weighted (dashed red) or having applied the weighting
law described above (blue).

This approach results in a scaling of the probability mass associated with the CDMs
but still allows the quanti cation of highly uncertain CDMs since there is no Itering
process. The reason is that, with no information on trusted sources or individual CDMs,
one cannot make any assumption on which CDM is more credible.

However, the current version of this method does not account for possible corre-
lation among CDMs in the same sequence. The correlation may be due to using the
same source or the same propagation interval. Correlation may impact the way the
same information is accounted for. On the other hand, the DSt includes the option
of several pieces of information coming from the same source, and giving more cred-
ibility when this information is coherent. Future improvements on this method may
limit the importance (weight) of future CDMs if too correlated with previous ones in
the sequence and not adding additional information (i.e. new observations during the

period).
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@)

(b)

Figure 4.5: CDMs tting law: (a) y°= e 3 (thick red line) and the
dimensionless covariance determinant for some sequences of CDMs (thinner
lines), (b) Fitted law (dashed-pointed red) of a single sequence of CDMs
(dashed-pointed black).
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Figure 4.6: eCDF for weighing the samples (blue) and with samples
equally weighted (dashed red).

422 -cuts and DSt Structures

Once the p-box is de ned, the intervals for each component of the uncertain vectou
are derived from a series of equally spaced-cuts (light blue and grey dotted horizontal
thin lines in Fig. 4.7). Each -cut creates interval [He et al., 2015, Chojnacki et al.,
20071

[X ;x ]1=fxjF(x) g. (4.8)

The intersection with the upper bounds in the p-box de nes the lower limit of
the interval, and the intersections with the lower bound de ne the upper limit of the
interval. The number of intervals is equal to the number of cuts plus one, and the
bpa associated with each interval, assuming the cuts are evenly spaced, is equal to
the inverse of the number of cuts. The intervals and theirbpa will de ne an envelope
around the p-box (blue and black dashed lines in Fig. 4.7). The greater the number
of -cuts, the closer the envelope will be to the p-box, but the more computationally
expensive the computation ofBel and Pl in the next step.

Once the intervals for the marginals (the uncertain variables) are obtained, the set
of Focal Elements (FE) and the joint bpas can be computed as the Cartesian product

of the intervals of the di erent variables, as explained in Chapter 3, and from there,
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Figure 4.7: Intervals partition derived from a p-box. In solid blue the
eCDF, in dashed-pointed red the p-box, in thin dotted blue and grey the
alpha-cuts (1 and 7 cuts, respectively), in dashed blue the 2 intervals parti-
tion, in dashed black the 8 intervals partition.

derived the PI and Bel of PoC P oGy with Eqg. (3.9), obtaining the representative
curves on the con dence of the value ofP oC. Finally, the event of the CDM can be
classi ed with the criteria in Table 3.7.

Even in this case, the assumption that the variables are independent is main-
tained. Approaches to address dependencies already exist in the literature [Ferson
et al., 2004, Hejduk, 2016], although they are not addressed in this work. The in-
dependence assumption has two implications: i) the uncertainty spacdJ) is an outer
approximation of the space of all distributions of u, and ii) some focal elements might
not contain any sample ofu. The combination of the two generally leads to over-
conservative results. Thus, in order to have less conservative results, yet coherent with
DSt, a bpa= 0 is assigned to all empty FEs coming from the Cartesian product. The

P
original bpa of those FEs is evenly distributed to the rest of FEs so that ; bpa = 1.
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Figure 4.8: Joint Body of Evidence with arti cially generated FEs (top-left
and bottom-right ones) not containing any sample (black dots).

4.3 Conjunction Data Message epistemic analysis

This section shows a numerical example of the proposed methodology using a real
sequence of CDMs from an ESA's operated satellite. Initially, the methodology is
presented, extracting the epistemic uncertainty from the sequence and obtaining the
p-boxes and the set of intervals. Then, a sensitivity analysis based on this example is
carried out to show the in uence of di erent parameters on the results. Finally, the
robustness of the approach is shown by adding three poor quality CDMs discarded by
ESA on the real operation during the encounter event analysis.

The sequence analysed consists of a series of 33 CDMs, whose risk increased, ap-
proximating to the PoC threshold set for this mission, although no evasive actions
were nally required on the real scenario (Fig. 4.9a). When observing the geometry

encounter along the whole sequence, it can be seen the great variability presented along
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the series, indicating the event is probably a ected by epistemic uncertainty (Fig. 4.9b).

@)

(b)

Figure 4.9: Sequence of CDMs. (a) Evolution of the PoC in the CDMs.
(b) Uncertain geometry from the series of CDMs.

In order to assess the risk of the event under the DSt approach proposed in the
Chapter 3, the methodology in the previous section is applied. Initially, to obtain the

eCDF of the ve uncertain variables (miss distance and covariance matrix components
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in the impact plane), the CDM are weighted according to the aforementioned expo-
nential law. The best- tted for the evolution of the covariance matrix determinant
(for the whole sequence) follows the law in Eq. (4.6a) with parametersA = 1:113244,
B = 2:45612646,C = 4:71282852 10 8. The tting law can be seen along with the
determinant from the CDMs in Fig. 4.10a. From the tting law, the di erent CDMs
are weighted according to the curve in Fig. 4.10b.

Provided the sequence and the weights of the samples it is possible to de ne the
eCDF. Once the value of the interval of con dence is decided, it is possible to obtain
the DKW region with Eg. (4.1) and the p-box with Eq. (4.3). Selecting the number of

-cuts, the Dempster-Shafer structures for each variable are derived. Fig. 4.11 includes
the p-box bounding the eCDF for a value of =0:5 and the intervals for 3 -cuts per
variable for  and 2.

Finally, the set of intervals and the Pl and Bel curves for the PoC can be derived.
Fig. 4.12 shows the resultingPl and Bel curves for a 4-intervals partition, resulting
in 1,024 FEs, from which 882 were removed for not containing any sample from the
sequence.

From the gure, it can be seen that values above the PoC threshold receive some
support (Pl > 0 at PoC = PoCy = 10 4). Note that in this case, the PoC threshold
(purple dotted line) almost corresponds to the maximum value on the sequence and the
value on the last CDM (solid and dashed green lines). HoweveBel(P 0oCy) = 0, and
the separation between the curves is relatively wide, both at the threshold and overall
for the range of values of PoC receiving any support. This indicates that the sequence
is a ected by epistemic uncertainty and should be taken into account by the operator

when making a decision based on the PoC value.

Computational time

From the previous steps on the Conjunction Assessment Risk Analysis (CARA), some
of them are more time-consuming than others. Also, there are some stages whose
computational time would depend on the parameters chosen (as will be shown in the

next section). In Table 4.1, the computation time (in seconds) of the study case, overall
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@)

(b)

Figure 4.10: CDMs weighting law for the whole sequence. (a) Evolution
of covariance determinant (black) and tting law (red). (b) CDM weighting
versus the time to the TCA.

and broken down into the di erent steps, is shown. The CARA analysis can be divided
into three main stages: obtaining the eCDF and the DKW bands of the variables, which
includes the weight of the CDMs, deriving the p-boxes for each sample, and compute
the Pl and Bel curves, including the FE dropping. The time to compute the p-boxes is

shown both for the optimisation in Eq. (4.3) and for the approximation using Eq. (4.4).
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@)

(b)
Figure 4.11: eCDF (solid blue), p-box (solid green) and Dempster-Shafer
structure (pointed-dashed red) from where obtained the intervals for (a)
and (b) 2.
The overall time using one approach or the other is also shown in the table. However,
for the rest of this chapter, only the approximated p-boxes were computed.

From the results in the table, it could be possible to identify two main bottlenecks
in the process: the computation of the Pl and Bel curves and the construction of
the p-boxes. When obtaining the Pl and Bel curves, several optimisation problems
have to be solved: for each FE, the minimum and maximum PoC have to be obtained

(which would increase with N° with the number of interval partitions). Besides, this
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Figure 4.12: Pl and Bel curves forPoC P oG, for 4-intervals partition.

Table 4.1: Computational time (in seconds) of the CARA analysis provided
the sequence of CDMs.

Stage Computational time [s]
CARA analysis (optimising/ tting) 9635/ 194
eCDF and DWK bands 0:1
CDMs weighting 0:02
p-boxes (optimising/ tting) 9555/ 114
Pl and Bel curves 80

optimisation step considers the constraints set by the given intervals on each of the
variables of interest (miss distance and covariance matrix). The author acknowledges
that optimisation techniques not investigated in this work would potentially accelerate
this step, however, the dependency on the number of uncertain variables and interval
partitions would still in uence the required computational time of this step. The other
main expensive step is the computation of the p-boxes. This step has to be repeated
for each of the uncertain variables and requires two optimisation steps, one per each of
the bounds of the p-box. The step is highly sensitive to the number of CDMs in the
sequence. Increasing the number of CDMs brings more conditions to be satis ed in
the optimisation, which has to keep as close as possible to them, but ensure the p-box
remains more conservative than the DKW band. Approximating the p-box with the

tting of the points considerably reduced the required time, but it is also a ected by
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the number of CDMs in the sequence since more points have to be tted. As in the
case of thePl and Bel, the author recognises that other optimisation techniques to be
implemented in this work may speed up the process, but the e ects on the length of
the sequence would remain. Comparatively, the other steps are quick and are no or less
a ected by the number length of the sequence or the number of intervals. In Chapter 8,

some Al-based alternatives to speed up these steps are presented.

4.3.1 Sensitivity analysis

In this section, a sensitivity analysis based on the previous case is carried out. In the
example, some of the parameters de ning the analysis are given by the sequence itself
(e.g. the number of samples), but others have to be selected by the operator (e.g. the
number of cuts, the value of the con dence interval, the weighting of the samples). In
the following, some of these parameters are modi ed to understand the impact on the

construction of the Dempster-Shafer structures and thePl and Bel curves.

Con dence interval

One of the rst parameters set during the analysis was the value of the con dence
interval, 1 , containing the actual distribution from where the eCDF was drawn. A
bigger value of 1 would better guarantee the actual CDF is captured within the
DKW bands. However, it will create a wider region that, eventually, would translate
into a broader p-box and bigger intervals, increasing the uncertainty associated with
the event, and thus, the gap between thePl and Bel curves.

Fig. 4.13 show thePIl and Bel curves for three situations: a 50% con dence interval
( = 0:5) in black (the above case), 0.1% con dence interval ( = 0:999) in red and
99.9% con dence interval ( = 0:001) in blue. The rest of the parameters are set as
before: 3 -cuts, removal of the FEs and weighting of the samples with the exponential
law.

As expected, when increasing the con dence interval, the separation between the
curves becomes bigger. Since a bigger con dence interval is associated with a widening

of the region around the eCDF, which has two e ects. On the one hand, it will create
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Figure 4.13: Pl and Bel curves forPoC P oCy with 4-intervals partition
for three di erent values of the con dent interval:  =0.001 (red), =0.5%
(blue), =0.999% (black).

wider p-boxes and bigger intervals (Fig. 4.14) that will include, in general, higher/upper
values of PoC within the FEs. On the other hand, it will be more likely that more FEs
contains samples. The combined result of these e ects is a more conservative analysis
(greater values of PoC received higher support) and, at the same time, more uncertainty
a ecting the decision (greater Degree of Uncertainty, DoU). Note that in the extreme
case of 100% con dence interval ( = 0), the DKW region would look as a rectangular
region ranging from 0 to 1 around the extreme values of the series, and the Dempster-
Shafer structure would be that of a single interval. If reducing the con dence interval,
the conclusions are the opposite, bearing in mind that, by de nition, it is more likely

to leave the actual CDF out of the bounded region.

Number of -cuts

The other main parameter to be decided by the operator is the number of -cuts. Ide-
ally, a number of cuts high enough so that the Dempster-Shafer structure matches the
p-box (or the DKW region) should be ideal since it would not add any further approx-
imations. However, a higher number of -cuts translates into more FEs (N5, with N

the number of cuts, before removing those without samples) and the computational
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Figure 4.14: eCDF (solid blue) and DKW region (dashed lines) of  for
three dierent values of the condent interval:  =0.001 (black), =0.5%
(green), =0.999% (red).

time to obtain the Pl and Bel curves grows accordingly. In the other direction, a lower
number of intervals speed up the next stage but make the decision more conservative.
Note that in the way the intervals are obtained, the Dempster-Shafer structure will be
always more conservative than the p-box (externally bounded it). In the extreme case
of not performing any cut, a single interval with bpa= 1 between the lower and upper
values would be obtained, being extremely over-conservative.

Fig. 4.15 shows the Dempster-Shafer structures approximating the p-box of for
di erent numbers of -cuts (a similar behaviour is obtained for the other variables). As
a general rule, the higher the number of cuts, the more similar both regions (p-box and
Dempster-Shafer structure) are. Since the cuts are performed equally distributed along
the vertical axis, there may be situations, especially for the low number of intervals,
where performing one less cut provides a better approximation. This should be avoided
with enough intervals.

When observing to the Pl and Bel curves (Fig. 4.16), the more the number of
cuts, the less uncertainty a ecting the event, both because the region is more nely
approximated and because a bigger proportion of FE can be removed. Thus, while
the maximum value receiving support (PoC whereP| = 0) is basically the same inde-

pendently of the partition, the Pl curve is lower (less over-conservative approximation)
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