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Managing data downlinks through memory dump scheduling in spacecraft operations is
paramount to maintain data integrity and keep high mission performance. Traditional static
scheduling methods lack the flexibility to adapt to random events and place a significant amount
of manual workload on operators. Although machine learning techniques have shown promise,
they generally require large datasets and high computational resources, both of which can be
limited in practice. This paper proposes to optimize time offsets for memory dump using online
learning techniques, specifically, leveraging Follow-The-Leader strategies.These lightweight
sequential algorithms are based on the intuitive idea of choosing offsets with the currently best
historical performance, and are known to be optimal under realistic assumptions. By integrating
real-time telemetry feedback and online learning, the proposed method dynamically adjusts
memory dump timings to account for variations in spacecraft operations and ground station
availability, reducing the probability of data loss due to memory saturation or ground station
outage. The proposed algorithm is tested using data coming from live telemetry, within the
mission planning system of Sentinel-6A, demonstrating its effectiveness in optimizing memory
dump by showing a remarkable improvement in data key performance index, the algorithm

achieved an 86% reduction in data loss relative to the loss experienced in the real-world scenario.

*Mission Planning Operations Engineer, CLC Space GmbH, jonathan.pergoli @polimi.it.

T Assistant Professor, School of Electrical Engineering and Computer Science, tcesari @uottawa.ca.
* Assistant Professor, Department of Aerospace Engineering, michele.maestrini @polimi.it.

§ Associate Professor, Department of Aerospace Engineering, pierluigi.dilizia@polimi.it.



AOS
A0SO
AOSS
AOSM
DORIS
EO
GNSS
Mcc
FTL
FFTL
LEOP
LFTL
LOS
LOSO
LOSS
LOSM
MccC
MccC
MRC
MTL
NRT
NTC

RL
RON
SRC
STC
™

Nomenclature

Acquisition of Signal
Acquisition of Signal 0 degrees
Acquisition of Signal 5 degrees
Acquisition of Signal Masking
Doppler Orbitography and Radiopositionning Integrated by Satellite
Earth Observation

Global Navigation Satellite System
Mission Control Center

Follow the Leader

Full Follow the Leader

Launch and Early Orbit Phase
Lite Follow the Leader

Loss of Signal

Loss of Signal 0 degrees

Loss of Signal 5 degrees

Loss of Signal Masking
Mission Control Center
Mission Control System

Multi Repeat Cycle

Mission Time Line

Near Real Time

Non Time Critical

speed coefficient
Reinforcement Learning
Relative Orbit Number

Single Repeat Cycle

Short Time Critical

Telemetry



I. Introduction

1th the fast-growing number of satellites orbiting Earth, the Space Operations field has become a prominent
‘ ~ and thriving sector. As a consequence, the complexity of planning satellite activities is constantly increasing:
ground stations have to handle communication with multiple satellites simultaneously while frequently engaged in
Launch and Early Orbit Phase (LEOP) activities; Satellite Operators need to perform routine activities and promptly
react to contingencies while checking the status of the incoming and disseminated satellite’s products. These tasks are
costly, require time, and are remarkably prone to human errors. Despite this, Satellite Operators still carry out many of

these duties by relying on their technical expertise.

On the other hand, computers, hardware, and flight software are becoming more sophisticated with each passing
day. At the same time, machine learning is blooming [[1H4]. Exploiting this growing technology means enhancing the
reliability and efficiency of space operations while simultaneously avoiding human error as well as decreasing the
workload on Engineers and Operators. From an operational point of view, this entails transferring Ground Segment
capabilities to the Space Segment. As outlined by Tipaldi and Glielmo [J5], on-board autonomy implies

1) Intelligent sensing: the capability to infer the system’s state from environmental sensor data.

2) Mission Planning and execution: the process of decomposing high-level goals into tasks that satisfy temporal

and resource constraints and dispatching these tasks while monitoring and being able to react to a contingency.

3) Fault management: the ability to deal with anomalies that occurred inside the system.

4) Distributed decision making: effective cooperation among independent autonomous spacecraft in order to

achieve common goals.

This work focuses on designing on-board autonomous mission planning software that is capable of making decisions,
reacting to the external environment, and dealing with anomalies while keeping ground operability. As an initial step
toward enabling automation capabilities from the ground segment to space, this work addresses the optimization of data
transmission from the satellite to the antenna. This is a key aspect to improve and keep the mission performance index as
high as possible because it allows to fulfill timeliness requirements especially for very high resolution data. Besides, the
effort needed to re-schedule a dump of scientific data is often underestimated when a transmission fails due to antenna
issues and/or limitation, keeping the stress and pressure over satellite operators at a high level. The goal of this paper is
to show that it is possible to migrate the decision making to the spacecraft keeping, or even improving, the mission
performance, thanks to the optimal choice of the start and stop times of data transmission over a specific antenna , for
more details on the main contributions of this work, see the last paragraph of this section. Usually, the beginning and the
end of the data dump is commanded from ground, and it will be executed on board at the predefined time. In addition,
to avoid too frequent commanding activities, the schedule uplinked to the spacecraft typically covers several days or
weeks. Even a minor issue occurring over the station where the satellite is going to download data can yield a gap in the

received telemetry, which will impact in turn the integrity of scientific data. Fig. [T] from sentinel-6 altimetry level 1
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Figure 1 Flow of the production of level 1 data of the altimeter on board Sentinel-6.

data guidd] gives a clear understanding of how missing telemetry packets affect the scientific information. The figure
shows a level 1 data production of Poseidon 4 on board Sentinel-6, which consists of level 0 data in Low Rate (LR) and
High Rate (HR), auxiliary data and geolocation data from GNSS and DORIS. The processing chains that brings from
level 0 (P4_0) to level 1B (P4_1B) LR consist of both LR and HR data, in case some level 0 data packets go missing the
processing of level 1 will fail. The same can happen for the production of level 1 HR (P4_1A, P4_1B) when auxiliary of
GNSS and DORIS information are missing. Thus, even small gaps in telemetry can ripple through the Level-1 altimetry
processing chain, resulting in data loss, reduced accuracy, or unusable products. This is precisely why autonomous
memory dump scheduling, as proposed in this paper, is essential to react promptly to antenna or link anomalies and
prevent such telemetry losses before they impact data quality. Under these circumstances the on-board computer does
not recalculate the new data downlink timing and all the passes over the affected station will be impacted. This means
that the operation team needs to assess the problem on the antenna and re uplink new commands to avoid data corruption
and maintain the required timeliness of the data. This is why a reactive and autonomous mission planning is paramount
for the success of a mission. Mission planning aims at allocating several tasks considering high-level goals, constraints,
and resources. For Earth Observation satellites, to maintain a high level of autonomy, the mission planning system

schedules Mission Timeline commands. This type of commands is uplinked on regular basis, which varies depending on

*https://user.eumetsat.int/resources/user-guides/sentinel-6-altimetry-level-1-data-guide



the type of instruments and the capabilities of the mission, and then get fired once the time at which they are supposed
to be executed is reached. Afterwards, they get deleted from the on-board memory requiring to be uplinked again.
This applies for all EO mission. However, for satellites in Medium or Low Earth Orbit, another type of command
can be exploited to overcome the limitation of regularly re-uplinking the same commands, namely the repeated cycle
commands. These commands rely on the position of the satellite over the orbit, also said PSO from the French Position
sur orbit as is defined in Fig[2] and on the fact that after a certain period of time, called cycle, the spacecraft fly over the
same location again. In this way, once the satellite reaches the specific PSO it fires the command without deleting it
because at the following cycle at the same PSO, it will the same command again. This concept allows the satellite to

fly autonomously even with few commanding from ground. This concept works well in scenario where the mission
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Figure 2 The Position sur orbit (i.e., the distance of the satellite from the line of nodes) is defined as the sum of
the true anomaly v and the anomaly of the pericenter w.

profile does not change or need to change. However, modern space missions frequently evolve, making it increasingly
challenging to manage recorded data across specific ground stations. As a result, innovative approaches are required to
enhance onboard scheduling automation.

In recent years, researchers started studying this topic from different angles. Most of the time, the planning of a
spacecraft activities is considered deterministic, therefore, it lacks of uncertainty analysis, e.g. satellite fault, satellite
recovery, orbit prediction error, task cancellation, and arrival. Fuzzy neural networks can fulfill the need to cover this
aspect and propose a few rescheduling solutions [6]. Using the graph coloring method to develop a new Tabu search
algorithm specifically to schedule EO activities [7]. This method is not feasible in scenarios like the commissioning
phase of a satellite because the neural network need to be trained on large amounts of data, which may be missing
in such dynamic scenarios. Besides, the ant colony algorithm used in this paper depend on the number of steps and
individuals used in the simulation which can lead to results that are difficult to interpret and to reproduce. Graph method
is also used to maximize observation time or find the responsive manoeuvres [8,[9]. A schedule can also be seen as an

individual and genetics algorithms can be used to evaluate the fitness of each individual [[10]. All these methods fall into



the category of Static Scheduling because of the time required to gather all the tasks. As the name suggests, being static
means they may demand hours before proposing an acceptable solution, and in space operations, especially during
contingency, responsiveness is a key factor for the health of the spacecraft. To address this issue, Dynamic Scheduling
builds a mathematical model considering 5 basic objects: tasks, resources, available opportunities, constraints, and
objectives. In this framework, scientists have been using novel heuristic algorithms to get close-to-optimal results [[11].
The optimality of heuristics solution can by improved by introducing Dynamic Merging policy to better handle resource
and establishing multi-objective mathematical programming model to deal with multiple satellites dynamically [12].
These approaches perform a computation of the whole schedule each time they receive a new task, which requires a
non-negligible amount of computational power that is simply not available on-board. Other proposed solutions consist
of hybrid procedures, mixing autonomous on-board capabilities and ground operations. A concrete example is the
system adopted for the FireBird mission, whose scheduler exploits very simple algorithms maintaining operability from
ground [13]]. Another example is the MER’s scheduler that uses the concept of “on-board execution of goal-oriented
mission operations” in addition to minor support from a ground process[14]. Considering the increasing number of
missions, most of the ground segment features must be migrated toward the space segment to reduce the complexity
of ground systems. An helpful hand comes from Machine Learning methods. They can improve Heuristic methods
that often offer a faster alternative than the exact method, but they suffer to find the optimum when there are similar
solutions, so symmetric neural networks can be use to improve heuristic search for the nominal scheduling problem [15]].
A downsize of neural networks is the amount of data, power and time they need to be trained, something that in space
operations is not easy to obtain: operations occur at real time and having reliable data to train the network with can take
years. A major drawback of using neural networks for onboard decision-making is the significant volume of training
data they typically require. In space operations, transmitting such large datasets to the spacecraft is not straightforward.
Despite advances in bandwidth capabilities, uplink capacity remains limited and must be shared across many critical
activities, including configuration updates, health monitoring, and command sequences. Uploading gigabytes of training
data would consume a substantial portion of the available bandwidth, potentially delaying or disrupting other essential
operations. Moreover, this type of data transmission must occur within relatively short visibility windows, further
constraining feasibility. For these reasons, it is more practical to rely on online learning techniques, which can adapt in
real time using minimal data gathered incrementally onboard, without requiring massive pre-training or large uplink
volumes. Moreover, these sets need periodic maintenance activities to remain in line with the dynamic operational
environment of a satellite. This issue can be solved by using online learning techniques by merging reinforcement
learning based on neural network with transfer learning to solve decentralized Markov decision processes and avoid the
failure of the historical learning caused by the randomly occurring observation requests[[16]. Other works focused on
the applications of reinforcement learning to high-level spacecraft planning and decision-making problems that have

traditionally been the domain of optimization-focused strategies [17]. Deep Reinforcement Learning is also used to



learn spacecraft dynamic to improve Mixed-Integer Linear Programming to optimize Agile EO Satellites [[18[19] A
hurdle of RL techniques is the knowledge of the environment the agent needs to explore. In order to perform actions and
get precise rewards for each of them, the environment needs to be simulated correctly, otherwise the agent will be led to
wrong conclusion. During delicate phase of space operations, especially where the human presence is predominant, is
really difficult to create a good environment where the agent can be trained. Conversely, model-free approaches for
reinforcement learning exist but require real interaction with the operative environment: an approach that is impractical
in the delicate space environment due to both time constraints (typically hundreds of thousands of interactions needed)
and safety concerns. Scientific users are demanding more and more data, which results in an increase in the number of
real-time requests to be processed and often the lack of responsiveness of the actual systems; this need is addressed
by casting the problem as a stochastic dynamic Knapsack problem and using deep reinforcement learning techniques
to address it [20]. The knapsack problem is a classic combinatorial optimization problem where a set of items, each
with a weight and a value, must be selected to maximize total value without exceeding a fixed capacity constraint. In
satellite scheduling contexts, this analogy is used to model the selection of observation tasks or data transmissions that
maximize mission utility (e.g., coverage, priority, or scientific return) within limited resources such as time, bandwidth,
or energy. A downside of these approaches is that they require much computational power that is difficult to have
on-board and often they cannot guarantee good performances [21]].

Instead in this paper, it is proposed a simple, efficient, and explainable machine learning algorithm capable of
deciding the optimal times to schedule data dumps with no help from human operators. The re-scheduling impacts
only the visibility window, avoiding long computation times and the training consists only of the information of one
orbit, instead of huge datasets. To fulfill this objective, the online decision-making problem is cast into a prediction
with expert advice problem [22l Section 2] and implementing a Follow-The-Leader strategy [23]]. The remainder of
the paper is structured as follows. Section [[|introduces the problem context and provides a high-level overview of
the memory dump scheduling challenge. Section|[[Il|presents a formal mathematical formulation of the problem. In
Section[[V] is given the description of the Follow-the-Leader (FTL) strategy in detail and the theoretical rationale behind
its adoption. Finally, Section [V]|reports the results of experiments on real mission data, demonstrating that the proposed

FTL algorithm improves satellite performance by up to 86%.

I1. The problem of optimizing Acquisition/Loss of Signal offsets for spacecraft memory dump

EO Satellites are designed to perform remote sensing and play a fundamental role in a wealth of applications
spanning from weather forecast to natural disaster response. Most of them are operated at Low Earth Orbit with a
period of approximately 120 minutes. Depending on the swath of the on-board primary mission instrument, which is
the device’s areas imaged on the surface, the satellite will complete a full Earth’s coverage, a.k.a. a cycle, after a certain

number of orbits. Each separate orbit of a cycle is referred to as Relative Orbit and it is repeated through different cycles.



Spacecraft Operations Centers are in charge of distributing information to the users by commanding the satellites to
perform activities over specific portions of the globe. This is done through the Mission Control Center (MCC) that is
capable of receiving telemetry and sending commands via the Mission Control System software. Customers define the
requirements and/or constraints that drive the operations performed during the lifetime of a mission. In particular, data
timeliness is a crucial parameter for the users’ community: it is defined as the difference between the beginning of the
sensing time of an instrument and the reception time of the same data on ground. Depending on the quality level of the
products, data timeliness is categorized with different labels. For Earth Observation satellites, it is possible to divide the
delivered data into the following categories:

* NRT (or Near Real Time, whose timeliness is lower than or equal to the orbit period)

* STC (or Short Time Critical, whose timeliness can be hours)

e NTC (or Non Time Critical, whose timeliness can be days even weeks)

In this work, the focus is on NRT data. In order to satisfy its requirements, it is important that NRT data is dumped
every orbit without losing telemetry frames. Failing to do so results in critical data corruption, requiring a minimum
of another dump on the following orbit to recover the data, therefore, always resulting in a violation of the timeliness
requirements. To protect against data corruption, a Mission Planning Engineer uploads to the on-board computer
software two command sequences for each orbit: a START and a STOP command to initiate and interrupt the memory
dump during the time it is in sight of a ground station. The timing of the two sequences relies on Flight Dynamic
prediction of the passes over an antenna that defines the predicted Acquisition of Signal (AOS) and Loss of Signal (LOS).
There are three notable categories for these pairs of events: AOSO (respectively, LOS0) is when the event occurs at the
horizon, with an elevation of 0 degrees; AOSM (respectively, LOSM) denotes the event taking into account the masking
of other objects, such as mountains, trees, or other antennas, therefore happening after AOSO (before LOS0); AOS5
(LOSS) is when the event takes place 5 degrees above the horizon, therefore it can happen either before or after the
masking event, depending of the specific conditions.

In spacecraft operations, the start of the dump d; in a orbit ¢, is always shifted by an amount of time A;, or offset, with
respect to the latest event between AOS5 and AOSM. The same happens for the end of the dump which is anticipated
with respect the earliest between LOS5 and LOSM by some quantity L,. Eq. [T]and 2] show how the start and the stop of
the data downlink are evaluated:

dstarT = max(AOSS5, AOSM) + A; @))
dstop = min(LOSS5, LOSM) — L, 2)

This is done to guarantee a desired level of robustness against failures. In modern operations, satellites still rely largely
on geometric predictions of AOS and LOS events based on a reference orbit. Visibility computations are typically

performed using an envelope masking approach, which defines a conservative visibility window across a cluster of
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Figure 3 Pass events timeline.

nearby ground stations rather than tailoring it to each individual antenna. This method minimizes the need for frequent
schedule adjustments caused by localized changes at specific antennas, which is an increasingly important consideration
given the high density of spacecraft requiring frequent ground contact. Importantly, this envelope is not fixed: it may
evolve over time due to changes in station performance, infrastructure upgrades, or efforts to mitigate interference and
improve link quality. Any update to this masking envelope directly affects the predicted visibility window, which in
turn impacts the planning and timing of data dumps. Moreover, failures in data transmission are not solely due to
geometric mismatches. Ground station availability is frequently influenced by broader operational demands, such as
Launch and Early Orbit Phase (LEOP) activities, routine maintenance, or contingency operations. These scenarios
often force operators to change the priority of visibility slots, leading to unexpected shifts in available downlink time.
In such a dynamic context, maintaining conservative AOS/LOS offsets provides a safety buffer that helps to absorb
discrepancies between predicted and actual conditions. This is essential to ensure successful data transmission despite
evolving ground segment configurations and mission-specific operational constraints. These offsets are typically set
manually and can be changed for each orbit or cycle. Usually, they are initialized with default values that consider the
size of the dump, the noise in the antenna signal, the amount of satellites the antenna needs to track because requires
time changing the configuration to change from one satellite to another once the tracking is over, human error, ground
stations issues, and possible errors in the orbit determination. Offsets are eventually kept fixed, but during the early
phase of a mission, things can diverge from the preparation phase, and offsets often need to be updated. In case of
issues on the ground side, e.g., late acquisition of signal and/or an early loss of signal, data will be corrupted either
because the satellite started dumping before locking over the antenna’s signal or because the on-board computer was
still downloading data while suddenly connection was cut off. The only way to prevent data loss is to modify the offsets
ad-hoc for each pass. This operation is not currently carried on online automatically. Therefore, to recover after an issue

of this type, engineers need to manually send a request through the Mission Control System (MCS) at the next visibility



opportunity. Changing these values to avoid failure is a trial-and-error task that puts unneeded pressure on engineers:
indeed, there is no benefit in having these predictions made manually. On the contrary, the very nature of this problem
makes it a perfect candidate for adopting machine-learning techniques.

In this work, it is proposed an algorithm that automatically selects the best AOL/LOS offsets at every orbit of every
cycle, and it is shown that this would not only avoid the need for operators to intervene manually but would also save a

substantially larger amount of passes from failure compared to the currently employed ad-hoc techniques.

II1. Formal Setting

In this section, it is given a brief formal introduction to the online machine learning protocol that it will be used to
model the offset optimization problem: prediction with expert advice. This technique perfectly applies to the envisioned
use case: from [22], prediction is the action of guessing the next action in the evolution of a phenomenon, in this case,
this is a pair of AOS/LOS offests, whose performance is measured with the probability of success of a satellite dump
that start and stops at the times determined by the offsets. Notably, these probabilities of success are not know ahead of
time, but rather, are learned sequentially through interaction with the environment. From Sec. [lI} it is known that the
outcomes affecting a spacecraft dump are the product of different processes that can be stochastic and/or deterministic.
Expert algorithms do not require a priori knowledge of the assumptions on the data generations (although this knowledge
could improve their performance in some cases). The key aspect in online learning with expert advice is to control
the regret of learning algorithms, defined as the difference between the accumulated reward of the best fixed expert in
hindsight and that of the algorithm.

In this formulation, each instance of the online learning for offset optimization problem is characterized by:

* A known finite set of nonnegative times Oaos —the offsets from the times of Acquisition Of Signal

* A known finite set of nonnegative times Or os —the offsets from the times of Loss Of Signal

* An unknown family (p4,1)ac0,0s. 10,05 Of NuMbers in [0, 1] —the probabilities of a successful dump when AOS

and LOS offsets (a, l) are selected

* An (initially) unknown family (B, (a, 1)) of Bernoulli random variables such that, for all a € Oaos

1€N,a€0p0s, 1€ O 0s
and [ € Opos, P(B/(a,l) = 1) = p,; and (B,(a,l))tEN is an independent family that represents whether a
dump with AOS/LOS offsets (a, ) is successful at time t —B;(a, ) = 1 if the dump is successful, B;(a,l) =0
otherwise [']

The protocol [ unfolds as follows. The z-th time that the satellite passes over a station (for any r = 1,2,...),

the learner selects an AOS offset A; € Oaps and an LOS offset L; € OLps, and attempts to dump the data in the

time window determined by A; and L,. At the end of this z-th visibility window, telemetry data are collected and,

TTime steps ¢ represent successive cycles. The Bernoulli random variables account for randomness due to contingent conditions that can occur
despite the landscape and relative positions of the satellite and station remaining the same.

10



Online Protocol 1

for each time stepr =1,2,... do
The learner selects a pair of offsets (A;, L;) € Oaos X OLos
The environment draws samples B;(a,!) € {0, 1} according to Bernoulli distributions with biases p, ;, indepen-
dently of each other and the history so far, for each pair of offsets (a,!) € Oaos X OLos
The learner gains the reward B;(A;, L;) € {0, 1}
The learner observes as feedback the samples B, (a, 1), for all (a,1) € Oaos X OLos
end for

consequently, the random variables (B (a, [)) relative to time ¢ become known. This happens because,

acOpos,€0L0s
once it is revealed that the telemetry data was available from a time ¢’ to a time ¢”, it is possible to reconstruct the
counterfactual information of whether or not a dump that started and ended at times (74, ;) —where 7, and #; are the
times of start/stop of the dump determined by a pair of offset (a, /)— would have been successful (regardless of the
fact that (a, ) was actually selected by the algorithm and the positive or negative outcome of the dump) by simply

checking if [z,, ;] € [¢/,1”] and noting that B,(a, 1) = 1 if and only if [z,,#;] C [¢/,""]. The objective of the learner

is to maximize the total number of successful dumps by a given time horizon T. More precisely, the goal of the learner

is to determine a sequence of offsets (A1, L1),. .., (A, L7) that minimizes the regret
T T T
Ry = max E B;(a,l) — B;(A;,L)| = max Tpa:—E B;(A;, L . 3)
T (a1)€0rosxOL0s ; ) ; t(Ar, L) (a.)<OnosxOr0s 1 ; «(Ar 1)

In words, the learner strives for a total number of successful dumps that is as close as possible to that of an ideal agent
with full knowledge of the family of probabilities of success (Pa.1)(a,1)e0r0sx010s that operates optimally by always
choosing an action (a*,[*) that maximizes its probability of success p,+ j+. Note that the expectation in Eq. is
not computed by the learner during execution. The regret is a theoretical measure of performance that compares the
learner’s cumulative loss against the best fixed action in hindsight. Since the underlying distribution p, ; is unknown,
the learner cannot evaluate this expectation directly. Instead, our approach relies on the Follow-The-Leader strategy,
which bases its decisions on empirical averages of past observations. As shown in [23]], this strategy achieves minimax

optimality in stochastic settings without requiring explicit knowledge of the underlying probabilities.

IV. Follow the Leader
In this section, the Follow the Leader paradigm (Algorithm [2) is presented. The choice of applying this strategy to
the offset-optimization problem is motivated by compelling theoretical considerations (see Kottowski [23, Corollary 4])
and will be further validated in Section [V| where it is shown that it leads to dramatic performance improvements
compared to the currently employed strategy.
A Follow the Leader strategy maintains, during time steps ¢, an integer 2;% Bg(a,l) for each pair of AOS/LOS

offsets (a, ), representing how well the pair of offsets (a, ) performed so far. Then simply selects a pair of offsets

11



Algorithm 2 Follow the Leader (FTL)

input: action set Opps X OLos, tie-breaking rule p
for each time stept = 1,2, ... do select action (A, L;) = argmaXx (, 1) e Orosx OLos ;;% Bs(a,l),

breaking ties according to p, with the convention that Zg:l Bs(a,l) =0, for all (a,!l) € Oaos X OLos

with the best performance so far, breaking ties according to a user-selected rule p that is passed to the algorithm as
input. This algorithm works well in practice whenever conditions (modeled as the probabilities of successful dumps
parameterized by the offsets) remain near-stationary over cycles. Whenever a large change occurs (e.g., a skyscraper is
built at the boundary of the window of visibility of a ground station), historic data should not be considered reliable, and
it is recommended to restart the algorithm to maintain consistency. Fig. 4 highlights the concept of Algorithm [} after
the definition of the environment Oaps X O os and the tie-breaking rules, the expert algorithm selects a pair of offsets
and after the reception of the telemetry at each pass, the reward for each pair in the environment is updated and the

feedback is given to update the choice for the pass in the next round. Fig. |S|gives a visual interpretation of Oaos X Oros.

Initiliaze Parameters: Oapos = [a1,...,an], OLos = [l1,..., 1], p’

/ Selection of pair (A;, L;) := argmax Zg;i Bs(a,l) in Opaos X Oros /<—

/ Telemetry /L> Reconstruct B;(a, ), for all (a,l) € Oaos X OrLos

Figure 4 Follow the Leader algorithm workflow.

It is highlighted the role of the tie-breaking rule p for two main reasons that are unfortunately often neglected.
Firstly, from a theoretical standpoint, ties have to be broken in a measurable way. This is needed because the regret
(recall Equation (3)) is defined as expectation, and expectations are mathematically well-defined if and only if all the
quantities inside the expectations are random variables (also called measurable functions). Although all “reasonable”
tie-breaking rules are measurable (it is, in fact, quite hard to build non-measurable functions), it is technically possible
to define non-measurable tie-breaking rules (see, e.g., [24, Section 2.4]), which would in turn break the definition of
regret and lead to the loss of meaning for the performance measure of the proposed problem. This is mostly a theoretical
concern as all common tie breaking rules (e.g., based on lexicographical ordering or uniformly random draws) are
indeed measurable. Secondly, depending on the application, some types of tie-breaking rules are typically preferred to

others. For example, in theoretical results, ties are typically broken uniformly at random (for mathematical convenience)
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but in practice, this is often unacceptable (because no practitioner would change a strategy that is currently working if
no changes are detected). A deeper elaboration on this key point is given in Section[V] In the same section (Subsection
[V.C), a novel “Lite” implementation of the FTL algorithm (LFTL) is also presented, which enjoys all the advantages of

a FTL algorithm (see below) while requiring a minimal amount of runtime memory and computing power.

A. Theoretical Motivations
In this section, is presented a concise summary of the theoretical results that motivated the choice of adopting a
Follow the Leader strategy for the offset optimization problem. A recent paper by Kotlowski [23| Corollary 4] shows

that such a policy is optimal in the following strong sense.

Theorem IV.1 For any time horizon T and any other online learning algorithm «, the FTL algorithm with ties broken
uniformly at random satisfies

sup Ry (FTL) < sup Ry («) )
p P
where the supremum is over all possible choices of probabilities p,; € [0, 1], for (a,l) € Oaos X OLos.

Although this theorem is stated for a uniform tie-breaking rule, as the author states: “Note that the proof did not
require uniform tie breaking over leaders, as any distribution over leaders would work as well.” Therefore, optimality
itself holds for any way one splits probability mass among the current leaders; even for deterministic rules as the one in
the Lite Follow-the-Leader (LFTL) variant introduced in Section [V.C}

The previous result states that no algorithm can achieve better performances than FTL in general. Kotlowski [23|
Corollary 4] goes even further, showing that in addition to the regret, the same optimality holds for expected redundancy
and excess risk. Quantitatively, it is immediate to show that FTL enjoys a finite regret when applied to the proposed
problem, even when the time horizon T’ approaches infinity, assuming that there is at least an action (a, /) with p,; = 1.

Indeed, in this case, for any 7',
Rr(FTL) < 1+|(a,1) € Oros X Ovos : Ha,iva, € (0,1)] )

The expression on the right-hand side counts the total number of mistakes that FTL could make: on round 1, it could
accidentally select an action (a, [) with expected reward zero, i.e., a pair of offsets for which it is impossible to dump
successfully. All these “bad” actions will be automatically excluded in all future rounds by definition of FTL. Then, the
only way the algorithm could pay some regret on a round 7 > 2 is if it selected an arm (A,, L;) with expected regret
DA,,r, < 1 which happened to have given reward 1 in all previous rounds but returned O on the current one. Again, by
definition of FTL, such an action could only ever be played once and by the nature of the problem, the probability of this

happening decreases exponentially with time.
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These considerations give a strong theoretical foundation to the credence that FTL strategies outperform all other

algorithms designed for this problem. In the following section, it is shown on real data that this is indeed the case.

V. Implementation and Experimental Results
The algorithm has been evaluated comparing the results of a schedule produced with the autonomous choice of the

offsets against a real operating schedule and the real telemetry data gathered from a satellite.

A. System Configuration

The software prototype is developed with Python 3.7. Python’s syntax is simpler and more intuitive, allowing
for faster implementation and iteration, which is crucial during the early stages of software development when speed
and flexibility are key. Additionally, Python’s extensive libraries greatly accelerates the prototyping process. While
programs like C++ or Java offer performance advantages, Python’s flexibility and development speed make it an ideal
choice for quickly building and testing. Simulations have been performed on a Windows 10 Pro x64 machine, processor
15-8250U 1.60 GHz, 8.00 GHz of RAM. The real telemetry data is provided by using SCOS-2000, a generic MCS
software developed by the European Space Agency. The flight dynamic software propagates the orbit of the satellite and
generate events, e.g. when the spacecraft is flying over a certain place, with a timestamp, the position on the orbit and
the duration of each event. The events are then passed to the Mission Planning Software. The MPS processes all the
info and produces the updated schedule. The data flow for this testing is shown in Fig. [6] At each pass, after starting
the contact with the satellite, the MCS receives the telemetry frames and sends the information about the beginning
and ending of contact to the MPS. MPS compares the information with the prediction from the orbit propagator and
autonomously decides which is giving a more stringent window of visibility in order to dump the data while minimizing
the risk of losing any of it. The MPS does the same process for each orbit of the next cycle. Afterwards, it updates the
new commanding sequences, if necessary, and sends back the new schedule to the MCS to be then uplinked on board

the satellite.

B. Scenario Configuration

The satellite considered for the proposed tests is Copernicus Sentinel-6 and belongs to the European Earth Monitoring
program. It operates in a LEO orbit with an altitude of 1336 km, inclination i of 66 deg and 127 orbits per cycle [25]].
Each cycle lasts about 9.9 days and the average data dump lasts 14 minutes. A default pair of memory dump offsets for
both AOS and LOS is evaluated according to the memory dump size; in this case, the scheduling is initialized with
A| =30s and L; = 10s. The choice of default values for AOS and LOS offsets is driven primarily by two factors: the
geometry of the orbit and the characteristics of the receiving antenna. The lower bounds of these ranges are carefully

selected to account for potential signal acquisition issues near the edges of the visibility window. Specifically, the
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geometry of the orbit, including elevation angles and local horizon masking caused by terrain or infrastructure around
the ground station, can delay signal acquisition beyond the nominal AOS or anticipate the LOS. Likewise, the antenna’s
performance, including the signal-to-noise ratio (SNR) and the time needed for stable signal lock, introduces additional
uncertainty. Starting the data dump too close to the predicted AOS can result in early transmission before a reliable link
is established, leading to partial or total data loss. Similar considerations apply to LOS: stopping too late risks losing
telemetry as the signal weakens or is lost due to low elevation or masking. Therefore, these default offset ranges serve as
conservative safety margins designed to absorb variations in real-world conditions, ensuring robust operation across a

wide range of passes.

C. Vanilla and Lite Implementations

A formal presentation of the FTL strategy in its vanilla form, which maintains the cumulative reward for all actions
and selects the current leader, is provided in [22, Chapter 2]. In a vanilla implementation of the FTL algorithm, the
offsets to be chosen are selected from an array with a minimum of 30 to a maximum of 150 seconds for AOS, and a
minimum of 10 to a maximum of 150 seconds for LOS. Greater values are not practically feasible as they would make it
impossible to cover the entire orbit: note that these parameters depend on the specific type of mission. The number
of orbits and cycles can vary according to the specific mission and are considered an input of the software. An issue
of a vanilla FTL implementation is that keeping up-to-date a large matrix of AOS/LOS indices (the past numbers of
successes of each pair) can be memory and time-consuming. This problem is solved with a lighter version (LFTL) that
maintains only a sparse set of data and is able to make a decision in constant time based on them. The reduction in
overhead is particularly important since the aim of the whole algorithm is to run on-board where resources are limited.
Even when resources are abundant, the lite version has no downsides compared to the vanilla implementation, allowing

to save some memory at no additional cost. Therefore, there is no reason to prefer the latter to the former.

[ 1101081
aj
Best AOS/LOS
a
4| 0nos| I
(a) Memory consumed by vanilla version. (b) Memory consumed by lite version.

Figure 5 Visual representation of the memory occupied by maintaining the historical performance of all
AOS-LOS offset pairs (|Oxos| X |OLos| matrix) versus simply keeping track of the current-best pair of indices (2
indices).
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Tie-breaking rule. The ties are broken among optimal AOS/LOS offsets by balancing the two competing goals of
robustness and maximal usage of station visibility. To do so, firstly the smallest possible AOS and LOS offsets that
could guarantee a successful dump given the historical data is computed. Instead of selecting these offsets directly
(which could be prone to failures in early rounds), then a safe pair of offsets that would guarantee a successful dump that
starts and ends at a maximal distance from the smallest possible AOS and LOS offsets computed above is evaluated. In
early rounds, such safe offsets were selected, but they eventually converge to the largest possible size of time visibility.
This time expansion is regulated with a parameter 7, which is also a software input. This choice of tie-breaking rule
guarantees three important desiderata:

1) Firstly, choices are deterministic, so that no changes would occur unless new data mandates it.

2) Secondly, by having looser offsets at the beginning, it is possible to avoid losing early passes by not overfitting to

the initial limited data.

3) Thirdly, over time, convergence to the maximum usage of the ground station visibility window is reached.

Implementing the sparse memory consumption described above and selecting a tie-breaking rule according to the
three desiderata, Algorithm E]becomes Lite Follow the Leader (LFTL) (Algorithm E]) Note that, under the minimal
assumption that there exists a time interval (possibly very small) inside which dumps are always successful (i.e., that
there exists a pair (a, /) such that p,; = 1), LFTL is indeed a Follow-The-Leader (or FTL) algorithm. This follows
from two considerations. First, given the binary nature of the feedback, the only offsets among which FTL chooses the
pair to use are those corresponding to a start/stop of the dump for which no dumps have been lost in the past. Second,
by the structure of the problem, if the telemetry at a time step ¢ begins at a time 7/° and ends at a time 79, then
the only candidates being chosen at time 7 + 1 are the offsets whose corresponding starting/stopping times fall in the

AOS
7

interval [ , T,LOS]. Therefore, there is no need to track the performance of all individual pairs of offsets over time

LOS

7105 and lowest 95 observed so far to be able

(like a vanilla FTL would do), but it is sufficient to maintain the highest
to reconstruct the interval of all historically-optimal offsets. The algorithm then break ties among this set of pairs of
optimal points by selecting the endpoints of an interval that grows exponentially fast to [max,<, 72°%, min;<, 79%], in
a way regulated by a parameter 7. As can be seen in Algorithm 3| small values of 7 yield large dump windows early on,

while larger values are more conservative.

D. Baselines

The FTL algorithm has been compared with data coming from real telemetry. In real operations, the spacecraft
schedule is created and uplinked on a weekly basis. When, for any reasons, a dump becomes corrupted, this is requested
manually on the next pass, but the schedule for the next week will still have the same offsets for two reasons: firstly,
these type of commands are MRC and is preferable to not delete them from the on-board queue to re-uplink them

unless it is strictly required; secondly, the offsets are changed manually at schedule generation level, therefore it is time
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Algorithm 3 Lite Follow the Leader (LFTL)

input: expansion rate 7 € (0, 1), Té*os and T(]]“OS are the first instants when telemetry is received.

initialization: let [y = 7,95 := max{AOS5, AOSM} + min Oaos. ro = 75°° := min{LOS5, LOSM} — min Oy os
for each time steptr =1,2,... do
compute the time d, needed for the current dump,
set [, == max{l,_1, 7-9°}, and set r, := max{r,_1, 7"}
begin the dump at time [, + 7'~ - (r, — d; — 1,) /2]
end the dump at time [r, —n'~' - (r, — d, - 1;) /2]

record the moments T,AOS and TILOS when the telemetry began and ended this time step
end for

consuming to change them unless the issue becomes recurrent. Hence, many passes are lost before confirming that the
problem belongs to the antenna and not to the satellite. This could have been enhanced if, rather than relying on MRC
requests, the onboard computer had utilized MTL to automatically determine the start and stop of the transmission, as
achieved by the proposed algorithm. In this case, it is initially generated a schedule exactly reflecting the one that was
on-board, afterward the real telemetry coming from the MCS is monitored to run the algorithm taking information
from it to re-adjust automatically the offsets and change the start and stop of the commands of the dump of the satellite.
All the issues that occurred during the mission have been recorded together with the start and stop times of the real
telemetry. This information has been compared to the proposed FTL software. A comparison was also made between
the vanilla and lite FTL to show that the performance does not worsen, but the computational time for each orbit
improves significantly. This is a crucial difference because satellite resources are finite, and one must ensure that the
mission planning software is not draining them, preventing the satellite from performing its nominal activities. It is
important to emphasize that other machine learning algorithms were deemed unsuitable for the outlined reasons from
the outset of the development phase.. Traditional models usually require a very large set of data which at the beginning
of the mission lifetime is difficult to obtain. Moreover, at the early stage, the understanding of the mission environment

can be limited. Thus, the learning phase of traditional model may not lead to the required accuracy level.

E. Performances

The algorithm was run for 6 cycles of 127 orbits each. During the first 6 life cycles of the mission, a total of 762
passes occurred, and 67 of them contained corrupted data due to late/early AOS/LOS. Considering that a LEO satellite
has on average 13 passes per day and that the losses were around the 9%, it means that almost one orbit out of ten was
corrupted which means that more than one pass per day needed to be re-scheduled. When this happens, passes need to
be re-dumped in the next orbit, losing timeliness. As explained in section before changing them on the satellite,
operators had to ensure what was the issue with the antenna since updating them is a manual activity, hence during the
analysis many other passes were requested manually due to the wrong values of the offsets. Fig. [7|shows an example

of how the algorithms works: for RON 125 at cycle 0 operators made the first schedule considering to start the data
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Figure 6 Data exchange between Antenna, Satellite, MCS, MPS, and Orbit Propagator for generating a new
mission schedule.

transmission with an offset of 30s while for the stop is 10s. The expert made no predictions at beginning because it had
to wait for TM to come first. Once the software observed from real telemetry that there was an early LOS, from TM it
arrived 12s after the planned LOS while the command is set to be fired after 10s, so the expert made its prediction
following 3] giving an offset of 118s at cycle 1. After observing the first cycle, where the offset from TM would have
been 11s, way lower than 118s so the pass was successful, the expert adjusted its forecast to be equal to the TM one
since 7 = 0. Unfortunately, at cycle 2 the situation worsened again and since the expert suggested to use 11s while
the TM showed 12s, the pass was lost, but the prediction changed from 11s to 12s. From cycle 3, the situation did
not change because the real offset increased again to 15s, but luckily it remained constant for the following cycle. .
Whenever the offsets predicted by the expert is greater or equal to the one coming from TM, it means the pass was
successful. In real operations, since the default offsets were always 10s, and the TM was reporting that they needed to
be higher, all the passes were lost, while with the LFTL the system would have been able to recover 2 of them even with
n = 0, meaning that the algorithm was just following the environment behavior. In Fig. [] increasing 7 = 0.2 improved
the behavior of the prediction, saving one pass more in each orbit.

With the proposed FTL algorithm, the system would have been able to save more than 86% of the corrupted passes,
leading to a dramatic improvement in timeliness. This was done without the need for any manual intervention. The few
passes that were still lost occurred in the very early stages of the process, where the choices of any decision-maker are
doomed by the variance. To prove the results, this paper presents the schedules of the first 6 cycles and checks that
the algorithm was scheduling the start and stop of the data transmission at the same time or after the first TM packet
received and at the same time or before the last TM received as shown in Fig. [9]

As mentioned earlier, the performance of the FTL algorithm depends on the parameter 7 that regulates how much

the decision-maker is willing to push offsets close to the boundary of the unsafe region (see Fig. [I0). This parameter set
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Figure 7 Example of expert reasoning.
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Figure 8 Effect of a greater 1 on the expert reasoning.
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Figure 9 Two different predictions from the algorithm: in (a) the expert correctly schedules the request to
happen after good link between the satellite and the antenna; in (b) the expert made a poor choice.

the behavior of the learner to be more robust or more dynamic: the lower its value is, the faster it will change offset from
cycle to another reaching convergence to configured values very early in time. Conversely, the higher this value is,
the more robust it will make the learner to unexpected malfunctioning, but it will slow down convergence to the the
desired values. As a consequence, it was decided to leave this parameter as a software configuration variable to allow
the operator to retain control on the algorithm. This choice relies on the fact that the human supervision in the loop is

still strongly required in certain space operations and removing it completely can impair adoption of new technology.
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In Table[l] vanilla and lite version with respect to a real scenario are compared.

Table 1 Percentage of succesful passes

Algorithm Lost Passes Saved Passes % n

Real Life 67 0 0

VFTL 25 42 62 N/A
LFTL 37 30 44 0
LFTL 14 53 79 03
LFTL 10 57 8 05
LFTL 9 58 86 0.8

It must be highlighted that even though higher values of 7 initially trade-off station-visibility time in favor of
robustness, the algorithm converges quickly to the minimum values for the offset, allowing significantly more real-time

telemetry as shown in Fig. [TT]

RON 48 with 7 = 0.8
| | | | | | | | |
100 |- [ 00 AOS Offset [s] ||
- loLOS Offset [s]
80 | - -
w 60| ] -
e
g
8
40| 1 T |
20 - -
0 ’_‘

T
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 6.5 7
cycle

Figure 11 Convergence of the algorithm with = 0.8

It is also important to underline that LFTL reduces the calculation time by two orders of magnitude: VFTL takes
1.345s to find the right offset for one single orbit while LFTL takes only 0.02s (see Table[2). If needed, the computation

time can be reduced even further by using, for example, Cython, which brings the speed of C++ to Python.

VI. Conclusions
In this paper, it is presented an algorithm capable of updating the spacecraft command sequences online, without

manual intervention, and considerably improving user requirements for data timeliness. More precisely, the algorithm
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Table 2 Computational time difference between VFTL and LFTL: the analysis has been performed for a single
orbit and for a single cycle.

Algorithm  For orbit  For cycle

FFTL 1.345s 85.794s
LFTL 0.02s 1.71s

managed to achieve four important goals simultaneously. First, simplicity: The Python implementation consists of a
relatively minute number of instructions. Intrinsically simple routines require reduced maintenance effort (i.e., low code
complexity) and are quick to explain to engineers coming into new system practices. This is a very important point
from the perspective of spacecraft operators for whom clarity and comprehensibility in any point of the mission is a
key aspect. Secondly, reduced computational complexity: the proposed algorithm requires only a constant number of
elementary operations per time step and performs each update in milliseconds, making it perfect for on-the-fly machine
learning. Third, limited memory requirements: the proposed lite LFTL implementation reduces the space requirement of
the vanilla VFTL significantly, making it essentially independent of the size of the action set. This property guarantees
that running the algorithm does not impose any measurable limitations on the amount of data the satellite can collect.
These latter points are crucial for on-board implementation since resources must be used parsimoniously. Last but not
least, high performances: the proposed algorithm vastly outperforms the existing ad hoc methods. As illustrated in
section [V.E] the performed tests showed that switching to FTL would save an enormous amount of otherwise lost data

compared to the manual operations that are currently in place.
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