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Abstract

CubeSats are used as a platform in modern space missions due to their standardized form
factor, reduced development cost, and shortened launch timelines. Earth observation, space
weather monitoring and even re-entry applications make use of the CubeSat standard.
Despite their advantages, CubeSats are constrained by limited onboard resources, with
electrical power availability being one of the most critical bottlenecks. This work presents
a dynamic, hybrid offline/online task scheduling and power management algorithm
for a re-entry CubeSat, combining pre-computed schedules with real-time adaptation to
changing flight conditions. The algorithm employs a heuristic-based approach, ranking
tasks by parameters including priority, execution delay, duration, and power consumption.
It adapts to varying flight conditions and system failures. In critical battery State of
Charge (SoC) scenarios, only high-priority tasks above a defined threshold are executed,
conserving power. A simulation suite was developed to evaluate performance under
realistic mission profiles and stress tests with high loads and numerous tasks. The metrics
included average and maximum task delay and average power consumption. The results
show that appropriate heuristic weight selection can yield significant improvements in
reliability and efficiency. The proposed algorithm offers a flexible, scalable solution for
CubeSat power management, which is capable of maintaining operational reliability under
dynamic conditions.

Keywords: CubeSat; scheduling; real-time; power management; re-entry; heuristic

1. Introduction

Since the dawn of the space age, satellites and unmanned probes have played a critical
role in humanity’s endeavor to explore the cosmos [1]. From communications satellites
orbiting Earth, through remotely controlled space telescopes, to unmanned probes and
rovers exploring other planets, uncrewed spacecraft have been at the forefront of human
space exploration [2]. Historically, these crafts have mostly been multi-million-dollar pieces
of equipment that very few organizations could afford to invest in [3].

Recently, however, CubeSats have been becoming increasingly popular due to their
low cost and ability to play a large variety of different roles [4]. These small satellites can
vary in size anywhere from a standard 1U CubeSat, which is a 10 x 10 x 10 cm cube and
weighs about 1 kg, to larger, up to 27U CubeSats, with a mass approaching 100 kg [5].

While unable to accommodate large experimental setups, CubeSats offer an affordable
alternative to traditional scientific satellites, opening a vast array of possibilities for organi-
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zations with lower budgets to perform experiments that would otherwise be too expensive
to carry out.

Besides research applications, CubeSats also act as an affordable technology demon-
strator platform. This is the basis for the Aether student team’s CubeSat project, and the
foundation for this paper [6]. Aether is a student team from the university of KU Leuven
working on pioneering re-entry CubeSat technology by means of an inflatable heat shield.

A core component of any satellite is the on-board computer (OBC) and more specif-
ically the flight software. The flight software, running on the OBC, is the brain of the
satellite. It coordinates and manages the different tasks and systems on the spacecraft and
thus represents one of the most critical components of any space mission. In this paper, a
scheduling and power management solution is developed for the flight software, to work
alongside its other components. The solution aims to be modular and easily customizable
to be able to cater to a large variety of mission profiles.

This paper is structured as follows: in Section 2, a comparative analysis is done to
evaluate the existing methods. In Section 3, the scheduling solution is introduced. In
Section 4, the simulator and test scenarios are presented. Section 5 presents the results
of this work. Finally, Section 6 concludes the paper with a discussion and potential for
future work.

2. Choosing an Approach

This section reviews existing power-aware scheduling approaches for satellites, rang-
ing from dynamic, real-time algorithms to offline, precomputed methods. The selected
works are compared in terms of their trade-offs between schedule optimality, computa-
tional demand, and adaptability to changing flight conditions. The goal is to identify which
elements from the discussed works best support the scheduling framework proposed in
this paper and to motivate the choice of those elements.

Thakurta et al. [7] and Martinez et al. [8] present a heuristic-based approach in order
to provide the system with the flexibility to accomplish the given tasks near optimally
by adapting to the available parameters it is presented with, such as power input, orbital
position, and battery state. Thakurta et al. [7] used conditional priority rules to dictate
which operational mode should be active at a given time, with each mode assigned a
fixed priority level based on its mission importance. This rule-based structure not only
ensures that critical tasks are executed first, but also prevents the execution of two or more
high-consumption modes, thus protecting the satellite from an undesirably high battery
discharge rate. Martinez et al. [8] used a more complex heuristic, as this implements a
more dynamic and mathematically structured method. By combining a task prioritization
mechanism that adjusts priorities based on deadlines and execution history and a knapsack
system to select the most beneficial set of tasks within the set power limits, this allows
for an adaptive and flexible real-time algorithm that can perform near optimally while
ensuring energy optimization.

Bernardo et al. [9] also used the knapsack system. The algorithm dynamically updates
the task priorities in real time using a priority calculation that considers factors such as
deadlines and completion percentages. Tasks with imminent or even missed deadlines are
given overwhelmingly higher-priority values so that they are not left to hang and never be
completed. The scheduling algorithm then searches the maximal total priority score of the
selected tasks while also ensuring that the set power limits are maintained. The knapsack
allows for improvements in meeting task deadlines and improving energy efficiency while
maintaining a flexible real-time solution.

Rigo et al. [10,11] took a completely different approach compared to the discussed
heuristics so far, known as the mathematical Integer Programming (IP). It has the objective
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of maximizing task execution under the strict constraints of power availability, execution
windows, activation limits, and minimum task durations. This approach produces globally
optimal schedules, unlike the heuristics that the authors are aware of. Hence, it is more
suited towards offline task scheduling plans, where the operational environment and the
resources of the satellite can be predicted in advance. The downside is that the system is less
adaptable overall to unexpected changes in flight conditions and requires recomputation of
the entire schedule from the ground up to ensure optimality in the new flight conditions.
In contrast, the heuristic-based strategies seen in [7-9], while not guaranteeing a globally
optimal schedule, allow instead for a dynamic scheduling solution that adapts to the current
flight conditions in real-time. This flexibility is crucial for our goal of creating a modular
scheduling framework that can easily be tailored to different satellite configurations and
mission profiles.

Another drawback of heuristic-based methods, presented by [7-9], are their heavy
dependence on how their weights are defined. This means that poorly chosen and tuned
weights can have undesirable consequences, such as inefficient task selection, missed
deadlines, or over- or under-utilization of power resources, which are issues that IP solvers
can often handle better. These models have strong mathematical guarantees, while the
heuristic-based approaches miss this theoretical verification; instead, they must rely on
simulation or Hardware-In-the-Loop (HIL) validation, as done in [9].

In conclusion, despite the variety of existing approaches, a clear trade-off remains.
Mathematical optimization methods such as integer programming, as presented by
Rigo et al. [10,11], provide optimal task schedules under predictable mission conditions,
but lack real-time adaptability. In contrast, the heuristic-based methods outlined in [7,8],
and [9] provide dynamic adaptability to real-time flight conditions but lack transparency in
prioritization behavior and efficient tuning options for different mission profiles.

3. Custom Scheduler Design

The proposed design targets general space mission requirements and enables a mod-
ular approach. This creates a high level of adaptability to varying mission profiles while
ensuring robust operation under dynamically changing power demands.

3.1. Overview

A task, in the context of our algorithm, is a process that needs to be scheduled for
execution at regular intervals. Table 1 describes the set of parameters every task must have.

Table 1. Task parameters.

Description Unit
A name given to the task .
Name for identification String
. The amount of time the task
Duration Seconds
takes to execute
Frequency How often the task must be executed Seconds
. Amount of power consumed by the task
Power consumption Watts
when turned on
. Whether a task can be interrupted if it
Interruptible has already started execution Boolean
. . o 0-MAX_PRIORITY
Priority Relative priority of the task (=100 by default)
. Whether the task should be
Active on re-entry Boolean

executing during re-entry
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These parameters ensure that every task is defined with great accuracy, and that
all relevant information about the task is documented. The final parameter shown is an
example of a mission-phase-specific boolean. Similar boolean parameters can be added
whenever needed to define whether a task should be executed during other mission phases
or operational profiles.

The initial set of tasks to be executed is uploaded to the OBC of the satellite on the
ground. After launch, the task set can still be modified when the satellite communicates
with the ground station. Tasks can be added or removed at the ground crew’s discretion.

Once in orbit, the scheduler runs every M milliseconds. As a result, unexpected events,
such as reduced power availability or subsystem anomalies, are incorporated into the
next scheduling step. To support this process, the scheduler maintains a set of internal
parameters for each task:

e Time_until_next_exec: Seconds remaining before task activation.
Is_on: Binary flag indicating if the task is currently executing.
On_timer: Duration (in seconds) the task has been active for.
Is_in_ready_list: Binary flag for readiness status.

Heuristic: The task’s computed heuristic value.

Based on these parameters, every time the scheduler runs, it follows the flow shown

Foreach task T

v
Next task id—No time_until_next_exec <=07? Yes
A : :

in Figure 1.

Add T to ready-list

Yes

Compute heuristic for
tasks in ready-list

Sort ready-list by
ascending heuristic
value

Next task power_consumption <= Tum on T
available_power?

Figure 1. Scheduling flow.

Foreach task T in
ready-list

By following the flow, it can be observed that it first loops through all tasks and checks
whether a selected task T is ready for execution (time_until_next_exec <= 0). If it is not
ready, it skips to the next task. Otherwise, add T to the ready list. It then keeps looping
until all tasks have been checked. Once that is done, the scheduler computes a heuristic
value for all tasks in the ready list. By only computing a heuristic for tasks in the ready
list, the scheduler saves some computation time. Once the heuristics are computed, the
ready list is sorted by ascending heuristic value. Since our algorithm aims to minimize the
heuristic, a smaller value represents a higher overall priority—the reason for this design
choice will be made apparent in Section 3.2.

After the sorting is done, the scheduler once again loops through all tasks in the ready
list and checks whether there is enough available power to execute task T. If there is not,

https:/ /doi.org/10.3390/aerospace13050445


https://doi.org/10.3390/aerospace13050445

Aerospace 2026, 13, 445

50f 16

skip the task and continue the loop. If there is, T is turned on, and the loop continues all
the way to the point where the available power is not enough to execute any of the tasks, or
all tasks from the ready list have been turned on. This effectively implements the knapsack
technique used by several papers, as shown in the above section.

3.2. Problem Formulation

The scheduling problem can be formulated as a constrained optimization problem.
Let the following be true:

x;(t) : task activation decision.
P; : power consumption.

E(t) : available power.

D;(t) : delay of task i.

The objective is to minimize task delays while respecting power constraints:
min Y Di(t) - x;(t)
i
Subject to the following constraints,

L P - xi(t) < E(t)
Xl'(t) € {0,1} l

3.3. Heuristic Function Design

The heuristic function is the core component of our algorithm; thus, designing and
tuning it is crucial to meet the defined requirements. It can be interpreted as a linear
scalarization of a multi-objective optimization problem, with each component representing
a different objective, and the weights defining their relative importance. By drawing
inspiration from the previous works discussed in Section 2 as the main source of ideas, the
respective advantages and disadvantages are evaluated in order to develop a flexible yet
robust system.

The task definition outlined in Section 3.1 plays a key role in this process due to its
large number of parameters for each task, which allows fine-grained adjustments to the
heuristic and thus high level of flexibility to the user.

The heuristic function consists of six components:

1.  Priority: Normalized difference between the maximum set priority (from ground
crew) and the task’s priority. It encodes mission-level importance.

2. Duration: Task duration, normalized by dividing it by its frequency (fixed value
between 0 and 1 per iteration).

3. Delay: One of the most important components. It is the normalized difference between
task frequency (in seconds) and time until the next execution. This value is by
default negative, so it is negated. This component approximates urgency. This simple
equation is quite powerful. This will be discussed in more detail later in this section.

4. Power: Task power consumption, divided by the expected power input (=6 W for
Aether [12]). This component enforces resource awareness.

5. Penalty for excess power: It takes the value 0 or M. The value is 0 if available
power > task consumption, otherwise M (a large value, which effectively denies
the task from getting executed).

6.  Bonus for non-interruptible active tasks: The opposite of the fifth component. It takes
values of 0 or -M. -M ensures that non-interruptible tasks remain active.
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The above components are then used in the following equation to compute the final
heuristic value for a task:

H = wpr Pr+wg,- Du + wy,- De + wpo+ Po+ PE + BI (€))]

where H represents the final heuristic value, w,, the weight of the priority component,
Pr the priority component, wy, the weight of the duration component, Du the duration
component, wy, the weight of the delay component, De the delay component, wy, the
weight of the power component, Po the power component, PE excess power consumption
penalty, and BI the bonus for non-interruptible and already on.

The introduction of weights allows the mission designer to fine-tune the heuristic
function’s prioritization strategy by emphasizing specific components. As will be shown in
Section 5, different weighting strategies can produce drastically different results.

Notice how the equation is mostly made of task parameters that do not change much
after being set. The only exception is the delay component. When a new task is put into the
queue or is reset from a previous cycle, a positive heuristic score will be assigned to it. With
time passing and the time until the next execution coming closer, the delay component will
decrease, pulling the final heuristic value closer and closer to zero. This ensures that a task
will be put into a lower position, allowing it to make the cut and be executed.

In the event that the task fails to start up on time, that is, when there are still tasks
with lower heuristic value taking up the knapsack, the delay component will continue
decreasing into the negatives. As per Equation (1), this will induce a drastic change in
the task’s heuristic value that will lead to the task being considered for startup much
sooner than any other task. Thus, as soon as enough power is available, the delayed task is
scheduled for execution. To ensure that a delayed interruptible task does not incur more
delay, the delay component keeps being decremented until the task finishes its execution.
This makes it unlikely that the task is interrupted unless some critical situation arises.

Once the ready list is sorted, the task selector performs the knapsack technique by
looping through all tasks in the ready list until either there is not enough power available
to schedule any of the remaining tasks, or all the tasks are active.

Since the knapsack capacity is effectively limited by the available power, any drop in it
will reduce the knapsack space, and thus reduce the amount of tasks that can be scheduled.
This leads to an increase in the average execution delay. In certain situations, it could even
lead to tasks with high power demands to be excluded entirely during low-power periods,
further worsening the delays.

It is important to note that the scheduler operates based on instantaneous power
availability and battery state of charge (SoC), without explicitly modeling or predicting
future energy evolution across orbital phases such as lit/eclipse transitions. This design
choice prioritizes real-time responsiveness and low computational cost. However, it limits
the scheduler’s ability to anticipate future energy constraints.

3.4. Adaptation to Flight Phases

The scheduler operates across three flight phases: lit, eclipse and re-entry. The lit
phase represents the time during which the satellite is exposed to sunlight. The eclipse
phase represents the time during which the sun is blocked out by Earth. Finally, the re-entry
phase represents the short time during which the satellite performs atmospheric re-entry.
This phase is specific to the Aether mission as of the writing of this article. The first two
are handled similarly, while in the re-entry phase, we only consider tasks for execution
marked with an active_on_re-entry flag, which allows for selective activation and reduces
the computation time.

https:/ /doi.org/10.3390/aerospace13050445
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Additionally, the scheduler has three distinct operating modes: normal, low-power,
and critical. Each mode only allows certain tasks to be executed. This is necessary so
that the ground crew can adjust thresholds to keep essential systems, such as the trans-
mitter /receiver module, running even in critical situations, ensuring communication and
allowing for manual intervention when needed. By setting a priority threshold that a task’s
priority level must meet for it to be scheduled, the ground crew can adjust which tasks run
in which power mode. The mode selection depends on the battery’s state of charge, with
thresholds being customizable based on mission requirements. Table 2 shows the priority
values associated with the different modes, with “100” being the maximum priority a task
can have.

Table 2. Default values for different operating modes.

Normal Mode Low-Power Mode Critical Mode

Battery SoC range 40-100% 20-40% 0-20%
Priority threshold None 50 80

3.5. Performance Metrics and Weight Optimization

In order to be able to measure the performance of the custom scheduler, four per-
formance metrics were established: maximum delay, average delay, average power con-
sumption, and average execution time. The latter was less relevant as it was a fixed value
per task set. With the help of these metrics, a clear picture could be established as to the
performance of the scheduler.

As it was presented in Equation (1), each component of the final heuristic value can be
weighted differently. This makes it possible for the scheduler to take different approaches
to prioritizing tasks, which can dramatically influence the algorithm’s performance, as
described in detail in Section 5.

The default weighting used was a vector of ones. During various test scenarios
(showcased in Section 5), it was found that this weighting does not always yield optimal
scheduling results. To solve this problem, the weights were first manually varied in an
attempt to achieve more optimal results by minimizing all values in the performance
metrics described above. Manually adjusting weights, however, is very time consuming
and inefficient.

To make the search more efficient, a custom search algorithm, akin to a stochastic
hill climbing algorithm [13], was developed. This approach allowed for a more time-
efficient and fully automated optimization. After an initial weight vector is fed to the
search algorithm, the process starts. The objective was defined as lowering the maximum
task execution delay in the performance metrics for at least three test scenarios out of five.
If this was achieved, it was considered that improvement in three scenarios was worth
the trade-off of potentially worse metrics in two scenarios compared to the initial setup,
and thus a more optimal solution was found. The algorithm works by making random
adjustments to the initial weight vector, running a simulation with those parameters, and
comparing its results with the results yielded by the initial weight set. The search algorithm
runs until either the objective is achieved, or it reaches the maximum number of iterations,
set to be 100 in this case. This was done to prevent the search algorithm from attempting to
look for a better solution in the “wrong direction” indefinitely, as well as having observed
that after 100 iterations, any improvement was negligible.

Using this method, several solutions were found in a very short period of time, which
drastically reduced the amount of time that had to be spent on optimization.
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3.6. Conclusion

As was shown in Section 3, every component of the scheduler is designed with
flexibility in mind. Tasks can be updated or modified to suit the mission needs, while the
operational modes allow adaptation to a large variety of mission conditions. Finally, the
weight optimization mechanism allows the heuristic to be tailored to a vast number of
mission profiles within the boundaries of the heuristic’s design. Altogether, this design
represents a flexible, lightweight and robust scheduling solution for CubeSats.

4. Simulation and Test Scenarios

This section presents the custom simulator developed alongside the scheduler, fol-
lowed by the results obtained from various test scenarios.

4.1. Simulator

To test and evaluate the performance of the custom scheduler, an in-house simulator
suite was developed. It can be used to set up various test environments, by means of
customizable parameters, and keeps track of different values (e.g., available power, flight
phase, etc.) for the duration of the simulation.

As a real-time simulation would be a very time-consuming process, a 60x time
compression factor is applied to each test case by default, reducing a 90 min orbit into 90 s
one. Furthermore, the user also has the possibility to apply an extra time compression factor,
to further reduce the simulation time. This must be done with caution as, after extensive
testing, an additional time compression factor larger than five created non-negligible
floating-point errors in the scheduler.

Additionally, it is important to note that the simulation environment is determin-
istic, and repeated runs lead to identical results. Therefore, statistical variability is not
present. Future work will introduce stochastic disturbances to enable full robustness and
variance analyses.

4.2. Test Scenarios

To evaluate the performance of the custom scheduler, a number of test scenarios were
created, each covering a specific edge case. Five benchmark scenarios were created to test
how the scheduler functions in orbit only, without a re-entry phase. An additional set of
five tests were also created specifically to test the scheduler’s behavior during re-entry.

4.2.1. In-Orbit Tests

Each test scenario presented in this section uses the following simulator parameters
(Table 3):

Table 3. Simulator parameters for in-orbit tests.

Simulation Speed 5x
Test time 120 s

Lit time 30s
Eclipse time 20s

A test time of 120 s was chosen, with a lit time of 30 s and an eclipse time of 20 s, which
adds up to a 50 s orbit. Thus, in a 120 s-long test, the satellite completes close to 2.5 orbits.
After meticulous testing, it was found that 120 s per test was an adequate compromise
between stable results and waiting time.

The first test, Test 1, is designed to evaluate the performance of the scheduler when it
is presented with a relatively small set of tasks that are made to overlap a fair bit in their
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execution. This can be seen from the frequency values in Table Al. Each of these tasks has a
distinct priority level, as well as a relatively high-power consumption. Indeed, throughout
these tests, the input power was considered to be 6 W from the solar panels, as calculated
by the Aether team [12]. Thus, when tasks overlap, there is a high chance that the power
demand will exceed the power input at some point, resulting in the scheduler having to
make a decision as to which task to prioritize.

Test 2 uses the exact same parameters as Test 1, but this time, the Interruptible pa-
rameter is set to False for all tasks. For this scenario, the goal was to observe whether the
scheduler makes different scheduling decisions, seeing that once a task starts executing,
it cannot be interrupted, and thus if a task is waiting for execution at the same time, a
significant delay can accumulate.

Test 3 once again uses the same parameters as Test 1, but here the Interruptible param-
eter is set to True for all tasks. The goal for this scenario was to observe the decision-
making process of the scheduler in a situation where any task can be interrupted at
any time.

Test 4 differs from the previous three. Table A2 shows the scenario parameters. In
this scenario, the scheduler is presented with a situation where it faces a large number of
frequently repeating, short-duration, and low-power-consumption tasks, together with
one scarcely repeating, long-duration, and high-power-consumption task. The goal was
to determine whether the “large” task would be scheduled for execution at some point or
hang indefinitely due to all the “small” tasks constantly taking priority over it.

Finally, Test 5, the parameters of which can be found in Table A3, was designed to
simulate a realistic set of tasks with a payload task being the mission-critical component.
In this scenario, the OBC is scheduled to run constantly throughout the duration of the
simulation, thus constantly drawing a small amount of power.

4.2.2. In-Orbit with Re-Entry Tests

For this set of tests, the following simulation parameters were used (Table 4):

Table 4. Simulator parameters for in-orbit and re-entry tests.

Simulation Speed 1x
Test time 120 s

Lit time 30s
Eclipse time 20s
Time until re-entry 100 s
Re-entry duration 20s

Once again, a test time of 120 s is chosen. This time, however, the satellite is deorbited
after two orbits and then spends 20 s in the re-entry phase. During that time, the solar
panels are inoperable, and the satellite must rely solely on its batteries for power.

The tests presented in this section will all be based on the parameters found in Table A4.
There, it can be seen that the OBC is once again set to run for the entire duration of the test.
There is also a heat shield task, scheduled to start its execution when the satellite begins
re-entry. This task is performed in order to test the CubeSat re-entry technology. Should
the heat shield task not be able to execute for any reason, the mission is considered to have
been a catastrophic failure, resulting in the loss of the vehicle.

While all five tests presented here use the same set of tasks and parameters from
Table A4, each test differs in the starting conditions. These are presented in the following
Table 5:

https:/ /doi.org/10.3390/aerospace13050445
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Table 5. Starting conditions for the in-orbit and re-entry tests.

RTest 1 RTest 2 RTest 3 RTest 4 RTest 5

Input power 6W 3W 6W 4 W 45W
Initial battery charge 85% 85% 85% 85% 22%
Battery capacity 22.5Wh 22.5Wh 15 Wh 15 Wh 15 Wh

The initial conditions presented in the table above represent the following cases:

RTest 1 represents a nominal situation, where the satellite’s solar panels and battery
function correctly.

RTest 2 represents a situation where the solar panels and battery cannot output the
initially anticipated amount of power, thus leading to fewer tasks being able to execute at
the same time and a longer charge time for the battery.

RTest 3 shows a situation where the battery capacity got lowered due to, for example,
excessive battery degradation.

RTest 4 presents a situation where both the solar panels and the battery degraded,
resulting in a suboptimal power input and power capacity.

Finally, RTest 5 represents a situation where both the solar panels and battery degraded,
and the battery was initially at a much lower state of charge, making the satellite operate
in low-power mode. This situation is used to assess whether the battery would survive
re-entry without completely depleting.

5. Results

The shown results are based on the performance metrics as defined in Section 3.4, for
each test scenario. Additionally, five sets of weights were selected for the scheduler, with
simulations repeated for each, and the results were compiled and compared on a single
graph for each performance metric.

Table 6 shows the sets of weights used by the scheduler. The benchmark set is used to
establish a standard to which the performance of other weight sets can then be compared.
Pr10 and Po10 are weight sets found through manual testing, whereas Opt3 and Opt4 are
weight sets found by the weight optimizer algorithm, as presented in Section 3.5.

Table 6. Weight sets used during testing.

Priority Duration Delay Power
Benchmark 1 1 1 1
Pr10 10 1 1 1
Pol0 1 1 1 10
Opt3 6.88 3.95 421 —9.38
Opt4 4.99 3.65 0.73 —10.92

5.1. Maximum Delay

The maximum delay is the most critical metric. It is directly correlated with operational
reliability and thus is the most important metric to optimize for. The results are shown in
the Figure 2.

The benchmark set shows a maximum delay of more than 40 s in Test 4, which is
nearly a full 50 s orbit. This is caused by the large, non-interruptible task being delayed by
multiple smaller interruptible tasks. Test 3 also shows a significant delay.

Pr10 significantly improved performance, cutting Test 4’s maximum delay by nearly
80% and showing small gains in Tests 3 and 5, with Tests 1 and 2 unchanged. Po10 had the
opposite effect: prioritizing high-power tasks more than doubled Test 4’s delay to 99.58 s
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(2 full orbits) and significantly increased the delay in Test 3, despite slight improvements in
Test 5.

Maximum Delay

120

100

80

—e— Benchmark

60 —e—Pr10

Seconds

—e—Pol0
—e—Opt3

40
—e—Opt4

20

Test#

Figure 2. Maximum task delay per test case.

Opt3 matched Pr10 in Tests 1, 2, and 4, but cut the delay by 50% in Test 3 and by
more than 66% in Test 5, yielding the lowest delay observed overall. Opt4 mirrored Opt3’s
pattern: it drastically reduced Test 1’s delay to 0.1 s, matched delays in Tests 2 and 4, and
slightly improved Test 3, but had barely any effect in Test 5.

While Opt4 significantly improved Test 1 over the benchmark, delays in Test 2 stayed,
overall, constant. Tests 3 and 4 showed wide variability, while Test 5 remained relatively
stable, with the exception of the improvement brought by Opt3.

5.2. Average Delay

The average delay is a running mean of delays for all tasks during the simulation. It is
another key metric impacting operational reliability alongside the maximum delay.

Three distinct patterns can be seen in Figure 3. First, the benchmark and Pr10 curves are
nearly identical, with only minor differences. While Pr10 greatly improves the maximum
delay (Section 5.1), it slightly increases the average delay in most scenarios.

Avg. Delay

4.5
4
3.5
" 8 —e—Benchmark
©
E 25 —e—Pri0
@
w 9 —e—Pol0
—e—0Opt3
1.5 —e—Opt4
1
0.5

Test#

Figure 3. Average task delay per test case.
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Second, Opt3 and Opt4 closely match each other, showing minor improvements in
Test 1 and especially in Test 3, where the average delay dropped by around 0.5 s compared
to the benchmark. Tests 2, 4, and 5 showed no significant changes and remained close to
the benchmark values.

Finally, Po10’s behavior closely resembles that of the maximum delay, performing
worse than the benchmark in most scenarios. The largest impact appears in Tests 3 and 4,
with the average delay in Test 4 rising by over 40%.

5.3. Average Power Consumption

The average power consumption, like the average delay, is a rolling mean computed
over the course of the simulation. The results are shown in the Figure 4.

Avg. Power Constumption

0.73

0.68

063

0.58 —e—Benchmark
o 0.
kS Pri0

—e—Opt3

0.48 —e— Opt4

043

0.38

0 1 2 3 4 5 6
Test#

Figure 4. Average power consumption per test case.

The benchmark shows the second-lowest consumption of all weight vectors, with
only Pol0 achieving lower values. While this may seem favorable, the delays associated
with Po10 are significant (Sections 5.1 and 5.2). Furthermore, the difference in the average
power consumption between the various weight sets is minimal, about 0.075 W at most,
which makes the trade-off between slightly lower consumption and increased delays
generally unattractive.

Pr10 closely follows the benchmark except in Test 1, where consumption rises by
around 0.6 W. Opt3 and Opt4 show similar trends but with increases in Tests 1, 3, and 4,
and a small rise in Test 5.

Po10, which prioritizes high-power tasks, achieves lower average consumption in
four of five tests and matches the benchmark in one. This potential benefit explains its
inclusion in this paper, though it comes at the cost of sharply reduced operational reliability
under most test conditions. The acceptability of this trade-off will likely depend on specific
mission requirements.

5.4. Timeplot of Test 4, Po10 Configuration

To showcase how tasks behave during Test 4, with the Pol0 weight configuration,
the timeplot in Figure 5 was created. The plot shows that the nine small tasks overwhelm
the scheduler, causing the single large task to hang indefinitely and thus to never execute.
Thus, while the scheduler aims to optimize task execution, the user must give careful
consideration to the number, execution window, and power consumption of tasks, to avoid
situations like this.
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Figure 5. Timeplot of Test 4, with Po10 weight configuration.

5.5. In-Orbit and Re-Entry Results

The goal for these tests was to evaluate how different starting conditions, showcased in
Table 5, will affect the outcome of the mission. Most importantly, it is determined whether,
at any point, the mission would suffer a catastrophic failure that would result in the loss of
the vehicle. The following table showcases the results of these tests.

It can be observed in Figure 6 that in every scenario, the scheduler manages to maintain
and even increase the battery’s state of charge over the course of the simulation. This clearly
indicates that even under circumstances where the satellite suffers from various failures,
the scheduler manages to execute tasks while maintaining enough power reserves for the
satellite to safely complete re-entry.

Battery levels per scenario
120

100

® 8
@
2
g
G
o 60
4 —e—Initial Battery Levels
g‘ —e—Final Battery Levels
£
S 40

20

0

0 1 2 3 4 5 6

Scenario

Figure 6. Initial and final battery levels per test case.
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6. Discussion

In this work, a heuristic-based scheduling and power management algorithm was
developed. It ensures operational reliability under a variety of flight conditions and adapts
to changing conditions in real time. The scheduler ranks tasks using a weighted heuristic
and selects tasks for execution by means of a knapsack method, allowing for adaptive
scheduling in changing flight conditions. The development and use of a stochastic hill-
climbing-like search algorithm showed that there exist weight configurations that yield
far better results than others in various test cases. These configurations, coupled with
the scheduler’s three operating modes, demonstrated that significant gains can be made
compared to the benchmark in terms of operational reliability at a relatively low cost when
it comes to overall power consumption. Additionally, the algorithm’s modular architecture
enables straightforward integration into a wide range of mission profiles. These results
demonstrate that carefully tuned heuristic scheduling can substantially enhance operational
reliability at the cost of a slight increase in the overall power consumption and can provide
a scalable solution for future CubeSat missions.

The results specifically highlight several important trade-offs that are inherent to this
scheduling approach. First, minimizing task delay generally leads to a slight increase in
power consumption, as more tasks are executed earlier or concurrently. However, this
increase remains relatively small, in the order of 0.075 W, which indicates that substantial
improvements in scheduling reliability can be achieved at a relatively low energy cost. At
the same time, increasing the weight of the task priority improves the execution of critical
tasks but may reduce fairness, potentially leading to starvation of lower-priority tasks in
highly constrained scenarios, as demonstrated in Test 4. Furthermore, the increase in the
weight of the power component reduces the overall energy consumption but significantly
degrades the scheduling performance, as higher-power tasks are less likely to be selected
for execution. This shows that overly conservative power-aware strategies can negatively
impact the overall mission performance. Overall, the results show that the scheduler is
highly versatile and vastly different scheduling strategies can be achieved through weight
tuning. Consequently, the proposed framework showcases a scheduling solution that
focuses on flexibility rather than a single optimal solution, allowing mission designers to
tailor the scheduling strategy to meet the specific operational requirements. Nevertheless,
care must be taken to choose appropriate task frequencies during mission design, to avoid
ending up in sub-optimal scheduling scenarios such as excess power draw.

Future work could include adding predictive capabilities to the scheduler to further
enhance its adaptability. Another point of improvement could be to expand the scheduler
to be able to accommodate dependent or compound tasks, as currently it can only work
with independent tasks. Furthermore, expanding upon the scheduler by considering more
EPS metrics can bring a significant improvement to the robustness, reliability and energy
optimization that the scheduler can offer. Such metrics may include depth of discharge,
deep discharge limit and power optimization indicators such as MPPT effectiveness.
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Appendix A

Table Al. Test 1 parameters.

Task 1 Task 2 Task 3 Task 4 Task 5
Duration (s) 3 6 2 2 8
Frequency (s) 6 20 8 12 18
Power consumption (W) 2 1 3 2 4
Interruptible True False True True False
Priority 70 50 30 80 40
On status False False False False False
Active on re-entry False False False False False
Table A2. Test 4 parameters.
Task1 Task2 Task3 Task4 Task5 Task 6 Task7  Task 8 Task9  Task 10
Duration (s) 0.5 0.8 0.3 0.4 0.6 0.7 0.2 0.9 0.4 10
Frequency (s) 0.6 0.9 0.4 0.5 0.7 0.8 0.3 1 0.5 20
Power consumption (W) 0.8 1 0.5 0.7 0.9 1.2 0.6 1.1 0.8 5.8
Interruptible True True True True True True True True True False
Priority 1 2 3 4 5 6 7 8 9 100
On status False False False False False False False False False False
Active on re-entry False False False False False False False False False False
Table A3. Test 5 parameters.
OBC ADCS Heaters  Misc Task1 Misc Task2  Misc Task 3 Payload
Duration (s) Test duration 0.5 0.25 5 10 2 10
Frequency (s) Test duration 10 2 15 30 8 Ll.t tlm? N
eclipse time
Power consumption (W) 0.5 1 1.5 1 0.7 1.6 4
Interruptible False True True True True True False
Priority 100 70 50 30 30 30 100
On status True False False False False False False
Active on re-entry False False False False False False False
Table A4. In-orbit and re-entry test parameters.
OBC ADCS Heaters = Misc Task 1 Comms Heat Shield Payload
Duration (s) Test duration 0.5 0.25 5 4 60 10
Frequency (s) Test duration 5 2 15 12 Time until Ll.t tlm? N
re-entry eclipse time
Power consumption (W) 0.5 1 1.5 1 1 2 4
Interruptible False False True True True False False
Priority 100 90 50 30 30 100 100
On status True False False False False False False
Active on re-entry True True True False True True False
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