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Recent research is developing autonomous policies for agile Earth-observing satellite (AEOS) tasking using deep

reinforcement learning (DRL). Prior work uses a fixed training environment with enhanced safety challenges to

allow DRL to train a policy over a short number of orbits. This paper investigates how training environment

enhancements can improve these policies’ robustness by varying the training environment and extending simulated

mission times. DRL enables real-time, onboard decision-making while accounting for complex dynamics and

constraints. However, policies often struggle to generalize to longer missions or conditions different from

training, partly due to the short simulated mission times. Multi-spacecraft systems amplify these challenges,

where battery capacity and solar panel efficiency diverge over time due to external factors. Although satellites

might run copies of a single policy, its robustness is essential to accommodate agent variability and ensure mission

success. This paper investigates training with two curricula, constantly degraded environments, and a domain

randomization approach to improve AEOS policy robustness and performance. Policies are tested on episodes 125-

times longer than training episodes under nominal and degraded conditions. The proposed training environment

enhancements’ applicability is demonstrated in a heterogeneous spacecraft system, achieving a 63% reduction in

failures and a 2.8% increase in median cumulative reward.

I. Introduction

E ARTH-OBSERVING satellites (EOSs) are equipped with
instruments to acquire information about the Earth. EOSs are

tasked with different activities, such as charging, downlinking data,

momentum management, and science acquisition modes. The task-
ing of EOS has the goal of defining a sequence of actions to

maximize the mission outcome while preserving the spacecraft’s
health and safety given by the system constraints. The advent of

agile EOS (AEOS), capable of maneuvering not only along track as
traditional EOS but also across track, increases the complexity of the
solution space and problem. Traditionally, spacecraft tasking has

been performed by humans or offline optimization algorithms. The
resulting open-loop schedules are uploaded to the spacecraft but are

brittle to initial condition changes and computationally expensive
[1]. The use of deep reinforcement learning (DRL) has been pro-

posed to mitigate these problems [2–6]. DRL can account for
complex dynamics and constraints and provide solutions in real-
time for onboard decision-making. Nevertheless, DRL-based tech-

niques can bring concerns about the reliability of the policy and its
robustness when deployed in the real world [7].
The AEOS scheduling problem has been shown to be NP-hard

[8]. To address this, a variety of optimization-based methods have

been proposed. Techniques such as greedy algorithms, dynamic
programming, constraint programming, and local search are inves-

tigated to solve the scheduling problem [8] as well as heuristics [9].
In Ref. [10], the authors show the use of infeasibility-based graphs

to solve problems with up to 10,000 requests and 24 satellites. Other
works have tackled uncertainty by introducing the use of budgeted
uncertainty to account for cloud coverage [11,12]. More recently,

promising decentralized replanning methods have been explored to

enable the observation of dynamic, time-varying targets such as
floods and wildfires [13,14].
However, optimization-based methods often lack robustness to

variations in initial conditions and typically require partial or total
replanning when unexpected events occur. Many existing
approaches also rely on simplifying assumptions, such as constant
slew rates and simplified power generation and consumption mod-
els, which widen the gap between simulation and reality. This gap
can decrease the performance of the obtained solutions when
deployed in the real world. The use of DRL has been proposed in
the context of spacecraft autonomy to mitigate these problems
[15,16], offering the ability to account for complex dynamics and
constraints [17]. Once trained, the resulting deep neural networks
(DNNs) can be quickly evaluated, showing their potential for
onboard, closed-loop decision-making.
DRL has demonstrated strong potential across a range of space-

craft autonomy tasks. For instance, Monte Carlo Tree Search
(MCTS) combined with DNNs has been applied to the satellite
tasking problem, yielding performance comparable to or better than
genetic algorithms [17]. Comparisons among different DRL algo-
rithms, such as advantage actor critic (A2C), deep Q-network
(DQN), and proximal policy optimization (PPO), have been per-
formed, as well as comparisons with optimization techniques such
as mixed integer linear programming [1,18], highlighting DRL’s
potential to approach near-optimal solutions in onboard autonomy
scenarios. The use of DRL has also been investigated in multi-
satellite scenarios [6,19,20], with uncertainty in cloud coverage
[21–23], and when accounting for image quality [24].
Despite promising results, deploying onboard planning without

human supervision raises concerns about policy reliability. In par-
ticular, real-world deployment conditions may differ from the train-
ing environment or change over time due to hardware degradation.
Battery capacity loss, reaction wheel wear, reduced solar panel
performance, and other factors can affect the policy’s performance.
While DRL-based policies are typically trained using shorter epi-
sodes with randomized initial conditions to introduce the agent to
different scenarios and promote generalization, these strategies do
not always lead to robust performance over longer durations or
under altered conditions. More specifically, long-term effects may
not be adequately captured. For example, if environments with
realistic atmospheric drag are used, the satellite may not accumulate
enough angular momentum over a short three-orbit-long episode to
require reaction wheel momentum safety considerations and learn
from it. Thus, prior work used a constantly enhanced training
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environment that increased the safety aspects over the training

period and showed good pointing and safety management perfor-

mance in the modified environment [6,17,18,25,26]. However, these

prior works never consider the intensity of enhancements that

should be used, nor how the policy would function in a nominal,

unenhanced space environment.

These robustness challenges become even more pronounced in

multi-spacecraft systems in formation or constellation configura-

tions. Although satellites may begin with similar initial conditions

and parameters, the agents may diverge over time due to partial

failures or degradation. One approach is to train separate policies

from scratch tailored to each spacecraft as they degrade, but it is

impractical for large constellations due to scalability issues. A more

feasible solution is having a single policy that can be used for all

spacecraft, where the policy’s robustness is essential to ensure the

mission’s success. Figure 1 illustrates this concept of identical

spacecraft executing different actions based on their states, yet all

operating under the same robust policy.

To address policy robustness and the impact of the training

environment and simulation length, in Ref. [27] the authors inves-

tigate training of DRL agents in degraded environments character-

ized by reduced battery capacity, increased external torque, and

limited onboard storage. These agents are evaluated in both nominal

and degraded environments using episodes significantly longer than

those seen during training in order to simulate long-term deploy-

ment conditions. The results indicate that agents trained in the

degraded environment achieve superior performance and experience

fewer failures across both nominal and degraded scenarios com-

pared to agents trained in the nominal environment. However, the

analysis was limited to only a few levels of environmental degra-

dation, leaving open questions about how structured training varia-

tions might influence policy robustness more broadly.

Variable degradation in training can also be explored in addition

to the fixed degradation seen in Ref. [27]. The authors in Ref. [28]

introduce the concept of curriculum learning (CL) in machine

learning, where the training environment is shaped to help the agent

learn more complex tasks, analogous to how humans learn, in a

gradual fashion. This strategy, which can be viewed as a continu-

ation method, was shown to accelerate convergence speed and

obtain better local minima. Since then, many CL strategies have

been developed, including predefined progressions, automated cur-

riculum generation, and student–teacher frameworks, which have

demonstrated improvements in training efficiency and task accu-

racy [29].

Reverse and end-game-first curricula are shown to accelerate

training [30] and to be effective in robotics and control applications

[31,32], helping in unlearnable tasks when structured progression is

not used [33,34]. CL also is shown to help with generalization to

unseen scenarios [35] and safety-critical training scenarios [36]. In

spacecraft domains, CL has shown promise in improving constraint

handling in fuel-optimal guidance and control, planetary landing,

and rendezvous via reinforcement learning [37–39]. In Ref. [40], the

authors present a comprehensive overview of CL strategies and their
role in reinforcement learning.
Curriculum is also shown to be an effective tool to improve the

robustness of DRL policies. In Ref. [41], the authors generate
curriculum tasks via a genetic algorithm that constructs evaluation
environments, adding failed cases to the training set. This
approach yields policies with up to eight-times fewer failures
and comparable rewards. Similarly, in Ref. [42] the authors use
genetic algorithms to generate curriculum tasks and obtain more
robust policies that tend to outperform the baseline in terms of
rewards both with and without external perturbations. In parallel,
domain randomization (DR) has been used to improve policy
generalization and reduce the simulation-to-real gap by random-
izing agent and environment parameters during training [43–45].
Unlike CL, DR does not impose a structured progression of
difficulty; instead, it exposes the agent to a wide variety of ran-
domized scenarios from the beginning of training.
Although prior work has demonstrated the potential of DRL for

spacecraft tasking, few studies have systematically examined how
and to what extent the training environment should be modified to
improve policy robustness while maintaining high performance
across varying conditions. This paper addresses this gap through a
comprehensive analysis of how different training environment
enhancements (training structures, episode lengths, and randomiza-
tion intervals) affect the robustness of DRL policies for spacecraft
tasking in both nominal and degraded environments. Specifically,
four training environment structures with varying intensity levels
are evaluated, alongside the effects of different episode lengths and
randomization intervals. Policies are evaluated under both nominal
and degraded conditions on episodes up to 125-times longer than
those used for training. Finally, the applicability of the proposed
methods is demonstrated in a heterogeneous spacecraft system,
where satellites operate under different parameters, showcasing
the practical advantages and consistent performance of the resulting
policies.
The remainder of the paper is organized as follows: Sec. II

introduces the problem formulation and simulation environment;
Sec. III presents the training environment enhancements; Sec. IV
discusses the experimental results; and Sec. V concludes the paper.

II. Problem Formulation and Simulation Environment

This paper considers a satellite with an imaging instrument to
collect data when imaging nadir. The spacecraft is equipped with a
power and data storage subsystem and three reaction wheels to
control its attitude. The spacecraft must have available storage space
to store the collected data. To free up storage space, the spacecraft
can downlink data to a ground station. The mission goal is to
maximize the amount of data collected (time spent imaging nadir)
while ensuring the spacecraft’s safety by keeping the battery charge
and reaction wheel speeds within operational limits.
The spacecraft is constrained to a circular orbit with a 500 km

altitude and a 45 deg inclination. The spacecraft has four discrete
actions available at each decision step, corresponding to four flight
modes: charge, downlink, momentum management, and nadir scan-
ning. The problem can be formulated as a sequential decision-
making problem, where a policy is learned to map the spacecraft’s
observations to actions at every decision step to maximize the
expected cumulative reward over the mission duration.

A. Partially Observable Markov Decision Process Formulation

The sequential decision-making problem can be formulated using a
Markov decision process (MDP), where the next state s 0 depends only
on the current state s and action a (Markov property [46]). When only
partial information about the state space is available to the agent, the
problem can be formulated as a partially observable MDP (POMDP).
A POMDP is defined by the tuple �S;A;O; T; R; Z; γ� [47]:
1) S is the state space. It includes states such as the satellite’s

battery charge, position, orientation, and states internal to the sim-
ulator (such as internal flight software states).

Fig. 1 Constellation of spacecraft being tasked with different actions.
The spacecraft can have different parameters due to partial failures or
degradation.
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2) A is the set of actions that the agent can take. In this problem,
the agent can choose between four discrete actions: charge (acharge),
downlink (adlink), reaction wheel momentum management (adesat),
and nadir scanning (ascan).
3) O is observation space, which is a subset of the dimensions

in S, and includes information available for the agent and useful
for the decision-making process, such as battery charge fraction,
sensing instrument orientation, and time to next eclipse. Table 1
summarizes the observations made available to the agent and their
normalization.
4) T�s 0js; a� is the transition function that defines the probability

of transitioning to the next state s 0 ∈ S given the current state s ∈ S
and action a ∈ A. In this problem, the transition function is deter-
ministic, and a generative modelG is used, provided by a simulation
engine, such that s 0 � G�s; a�.
5) R�s; a; s 0� is the reward function that defines the reward

obtained by the agent at every step. Rewards are awarded for the
time spent in nadir scanning mode when within the relative angle

and angular velocity limits during each time step k, given by t�k�nadir.

The reward function is defined as

R�s; a; s 0� �
t�k�
nadir

Tepisode
if a � ascan;

0 otherwise:
(1)

where Tepisode is the total simulation time of the episode. Therefore,

cumulative rewards are between 0 and 1, where 1 is the maximum
reward obtained when the agent scans the nadir for the entire
episode.
6) Z�ojs; s 0; a� is the observation function that defines the prob-

ability of observing o ∈ O given s, s 0, and a. In this problem, the
observation function is deterministic without uncertainty about its
observations.
7) Note that γ is the discount factor that defines the importance of

future rewards; γ ∈ �0; 1� ensures finite returns by discounting
future rewards in infinite-horizon episodes.
The agent interacts with the environment by taking actions,

receiving observations, and obtaining rewards. The agent’s policy
π is a mapping from observations to actions ak � π�ok�, and the
goal is to find a policy that maximizes the expected sum of dis-
counted rewards such that

Vπ�s� � E
∞

k�0

γkR�sk; ak; sk�1� ak � π�ok�; sk�1 � G�sk; ak�

∀ s ∈ S (2)

where V is the value function. When using DRL to solve the
problem, the policy is parameterized by a DNN.
The described POMDP formulation captures the essential ele-

ments of the spacecraft tasking problem and can be used in
different instances of the problem, as discussed in [1,6], which
consider the AEOS case with discrete point targets and safety
aspects such as power consumption. The nadir scanning problem
was selected instead to focus the analysis on the robustness and
safety aspects of the problem. Different spacecraft configurations

would be captured by modifying the generative model G and the
observation spaceO. Different mission goals could be represented
by modifying the reward function R.

B. Simulation Environment

The simulation was implemented in BSK-RL,‡ which is a Python
package for spacecraft tasking studies using RL [48]. BSK-RL
combines the Basilisk§ software with Gymnasium, a widely adopted
RL library. Basilisk was used as the generative model for the
simulation environment, which is a spacecraft simulation software
written in C and C++ with a Python interface, making it fast for
training and testing and easy to interact with [49]. The simulation
accounted for the spacecraft dynamics, reaction wheel, power gen-
eration, and storage subsystems.
The goal of the agent was to maximize the time spent imaging

nadir. Therefore, the scanning action tracked the nadir, pointing the
camera to the Earth’s surface. The scanning action obtained infor-
mation from Earth when the relative attitude and angular velocity
criteria were met and added it to the storage subsystem. If the
storage unit was full, no more data could be added, and no more
rewards could be awarded. To account for this, action downlink was
available, which pointed the satellite’s antenna to a ground station to
downlink data stored in the satellite, accounting for transmission
baud rate, amount of stored data, and access to a ground station.
In addition to a constant baseline power consumption represent-

ing essential subsystems, reaction wheels followed a nonlinear
power consumption law that was a function of their angular velocity.
The scanning instrument also consumed energy when in use. When
tasking with the action charge, the satellite maneuvered to align its
solar panels to maximize its power generation. Power generation
was calculated by the underlying simulation in Basilisk, which
accounted for eclipse and incidence angle. Therefore, the satellite
could passively charge even when taking other actions. If the agent
tasked with the charging action during an eclipse, it would not
charge the battery.
Satellite attitude was controlled by a modified Rodrigues param-

eter [50] steering law using three reaction wheels positioned
orthogonal to each other [51]. As the reaction wheels accumulated
momentum due to external torque, leading to higher angular veloc-
ities and higher power consumption, a momentum management
action was also available to the agent. The momentum management
action aligned the spacecraft with the nadir and fired thrusters to
reduce the momentum accumulated by the reaction wheels. The
agent reached a terminal state when the battery level was below or
equal to zero or any of the three reaction wheels exceeded their
maximum angular speeds. Each action had a fixed duration of 180 s,
which corresponded to the step duration.
Table 2 shows the satellite parameters used in the simulation.

Parameters not listed here were set to the default values in BSK-RL.
Parameters such as initial battery charge fraction and storage space
fraction were randomized every episode and had two different
ranges: a nominal range, where the bounds are within their nominal
operation conditions, and a wide range, where the bounds are set to
the maximum and minimum values of the parameters. A degraded
version of the environment was also used to test the policy’s robust-
ness. The degraded environment was obtained by reducing the
battery capacity by 50%, the solar panel efficiency by 25%, and
setting the external torque as three times the nominal value.
An example script with a nadir scanning spacecraft demonstrating

how the curriculum learning was implemented and applied is avail-
able at the BSK-RL website.¶

III. Training with Mission Environment Enhancements

A. Training Setup

The policy was obtained using the asynchronous PPO (APPO)
algorithm [52] provided by the RLlib package [53]. The training

Table 1 Observation space

Parameter Normalization

Angle between satellite’s sensing instrument
and nadir

π

Battery charge Battery capacity
Buffer storage space used Buffer capacity
Reaction wheel (RW) speeds Maximum RW speed
Angle between solar panels and sun π

Time until the next eclipse Orbital period
Time until the end of the next eclipse Orbital period
Time until next ground station pass Orbital period
End of next ground station pass Orbital period

‡https://avslab.github.io/bsk_rl/.
§https://avslab.github.io/basilisk/.
¶https://avslab.github.io/bsk_rl/examples/curriculum_learning.html.
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was performed at the University of Colorado Research Computing
(CURC) using 32 cores and limited to 5 million steps. Table 3
provides more information about the training hyperparameters
(parameters not listed here were set as the default values in RLlib
in version 2.6.3). For a comprehensive hyperparameter analysis on
DRL algorithms for spacecraft tasking, refer to Ref. [18].
A failure penalty of −1was used, being added to Eq. (1) when the

satellite reached a terminal state. The value of −1 was used to limit
the cumulative reward range to �−1; 1�, similar to Ref. [27].

B. Training on Enhanced Environments

Different modifications to the training environment are explored
to improve the robustness of the learned policies. More specifically,
constantly degraded environments (as in Ref. [27]), two CL struc-
tures, and DR are investigated. These structures are combined with
different training episode lengths and randomization intervals.
Throughout the paper, these modifications are referred to as training
environment enhancements.
Curriculum learning provides a methodology to shape the train-

ing environment to help the agent learn more complex tasks [28]. It
starts with simple tasks and gradually increases the difficulty of the
environment. In this work, two different curricula were tested: direct
and inverse. The direct curriculum starts with a nominal environ-
ment and gradually increases the difficulty toward a harder envi-
ronment. The inverse curriculum starts with a harder environment
and gradually decreases the difficulty toward the nominal case.
Defining the difficulty of an environment can be subjective and

usually requires expert knowledge of the problem. In this work,
difficulty is associated with the satellite’s battery capacity and
external torque, which affect survivability. A nominal difficulty

corresponds to the nominal environment; a higher difficulty corre-
sponds to reduced battery capacity and, when applicable, increased
external torque. Therefore, tasks can be seen as different POMDPs
containing distinct transition probabilities because of the different
battery capacities and external torques.
Because direct curriculum initially presents the agent with the

nominal environment, in which it is easier to survive, it is expected
that the agent will first learn how to obtain rewards through scanning
actions. Later, as the environment gets more difficult, the agent will
improve its survivability to maximize cumulative rewards. On the
other hand, the inverse curriculum presents the agent with a harder
environment at the beginning, where the agent has a stronger
incentive to avoid terminal states and learn how to survive. As the
number of training steps increases and the environment gets easier,
the agent will learn how to optimize rewards through imaging
actions. Inverse curriculum can be seen similarly to the reverse
curriculum [30] or the end-game-first approach [54], where terminal
states are presented first, making the agent learn how to achieve or
avoid them.
A constant training structure, where the difficulty is constantly

higher than nominal (a constantly degraded environment) through-
out the training process, is also tested, inspired by the work of [27].
A DR training method was used in addition to the three other
training structures. When using DR, the agent is trained in a variety
of environments with different parameters, such as battery capacity
and external torque, which are uniformly sampled at each environ-
ment reset. DR differs from CL mainly because of its lack of
structured progress of difficulty. While the structured sequence of
CL can help the agent learn more complex tasks, tasks learned in the
early stages of training may be forgotten as the environment gets
more complex. Therefore, the agent may not be able to generalize
well. DR, on the other hand, can help the agent learn a policy that
generalizes better to different environments and will be used for
comparison.
The three intensity levels of curriculum applied to battery capac-

ity correspond to decreases of 20% (B-Low), 40% (B-Med), and
60% (B-High) in battery capacity. When the battery capacity change
was combined with an increase in external torque, the three intensity
levels corresponded to a decrease of 20% in battery and an increase
of 4 times in external torque (BT-Low), a decrease of 40% in battery
capacity and a 6-times increase in external torque (BT-Med), and a
60% decrease in battery capacity and an 8-times increase in external
torque (BT-High). The curriculum cases varying in only the battery
capacity (B cases) were trained exclusively with 90-step episodes.
Table 4 summarizes the different intensities. The battery and torque
(BT) cases were trained with both 90- and 450-step episodes to
identify the impact of longer training episodes.
Training structures are defined by their initial difficulty (at the

beginning of training) and final difficulty (at the end of training).
Each training run is limited to 5 million steps (total number of
environment interactions, where the policy needs to make a
decision and the environment is propagated for a step). Therefore,
training progress p is defined as the fraction of steps completed,

k, such that p � k∕�5 ⋅ 106�. In practice, each training run con-
sists of multiple episodes (each with a maximum length), and the
battery capacity and external torque are updated at each environ-
ment reset according to the current training progress and training
structure, and initial conditions are randomly sampled. For the

Table 3 Training parameters

Parameter Value

Number of workers 32
Number of training steps 5 ⋅ 106

Learning rate 3 ⋅ 10−5

Training batch size 10,000
Minibatch size 250
Epochs 50
PPO clipping parameter 0.2
Gradient clipping parameter 0.5
Generalized advantage estimation parameter (λ) 0.95

Neural network Two 512-neuron layers
Discount factor 0.999

Table 4 Definition of low, medium, and high
intensity levels for battery-only (B) and

battery and torque (BT) curriculum cases

Case Battery variation Torque variation

B-Low 20% decrease — —

B-Med 40% decrease — —

B-High 60% decrease — —

BT-Low 20% decrease 4× increase

BT-Med 40% decrease 6× increase

BT-High 60% decrease 8× increase

Table 2 Nominal satellite parameters

Parameter Value

Altitude 500 km
Inclination 45 deg
Battery capacity 400 W ⋅ h
Base power consumption 10 W
Data storage capacity 5 GB
Relative angle limit for imaging 22.8 deg
Relative angular rate limit for imaging 0.1 rad∕s
Reaction wheel maximum speed 6000 RPM
External torque magnitude 0.2 mN ⋅m
Thruster power draw 80 W
Instrument baud rate 0.5 MB∕s
Instrument power draw 30 W
Transmitter baud rate 112 MB∕s
Transmitter power draw 25 W
Solar panel efficiency 20%
Initial storage space fraction [0.0, 1.0]
Initial battery charge fraction (nominal) [0.375, 0.625]
Initial battery charge fraction (wide) [0.0, 1.0]
Initial reaction wheel speeds (nominal) [−4000, 4000] RPM
Initial reaction wheel speeds (wide) [−6000, 6000] RPM
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Direct case with B-Low intensity, for example, the battery starts

at the nominal capacity and linearly decreases to 80% of the

nominal capacity at the end of training (increasing the difficulty),

such that capacity�k� � �1 − 0.2p�capacitynominal. The Inverse

B-Low case linearly increases battery capacity toward the nomi-

nal value, such that capacity�k� � �0.8� 0.2p�capacitynominal.

The DR B-Low method samples battery capacity uniformly

between 80 and 100% of the nominal capacity at each environ-

ment reset. The battery capacity remains at 80% for the Constant

B-Low case. When torque variation is included, the same linear

schedule is applied to the magnitude of the external torque.

Figure 2 illustrates the three different curriculum approaches

and the DR method as a function of training progress for the

B-Low case.

Table 5 summarizes the different training structures and inten-

sities used for training. Each approach was combined with increased

episode lengths and nominal and wide parameter initialization
ranges. Baseline policies (without any training structures) were also
trained. Each combination of structure, intensity, initialization
range, and episode length was trained three times to account for
the randomness in the training process, resulting in 204 trained
policies. All policies were trained from scratch for 5 million steps,
without any pretraining or fine-tuning. The training structure, inten-
sity, episode length, and initialization range were kept constant
throughout the training of each policy.
The intensities of training structures were manually set based on

previous EOS studies that used enhanced environments to improve
policy robustness and facilitate learning of the safety aspects
[6,17,25,27]. Different environments have different levels of diffi-
culty for the agent to survive and likely need specific tuning of the
intensity levels.

IV. Effect of Training Environment Enhancements on
Policy Robustness and Performance

The following section includes comparisons between policies
trained with the different training environment enhancements. The
policies were tested in the nominal and degraded versions of the
environment. The degraded environment has 50% reduced battery
capacity, 25% reduced solar panel efficiency, and a three-times
increase in external torque compared to the nominal environment,
as discussed in Sec. II.B. Policies were also tested with different
episodes up to 125-times longer than training episodes to evaluate
the robustness and safety aspects of long-term deployment. Initially,
Sec. IV.A presents results comparing the different enhancements.
Later, Sec. IV.B discusses the training time for the different cases.
Lastly, Sec. IV.C illustrates the robustness of the policies obtained
with the training environment enhancements when tested in a
heterogeneous spacecraft system.

A. Training Structure Comparison

To analyze the effect of training environment enhancements on
policy robustness and performance, a sequence of comparisons is
presented. First, it is explored if policies trained with some struc-
tured training (constantly degraded, CL, or DR) exhibit higher
robustness compared to those trained without these techniques, as
measured by lower failure rates and higher cumulative rewards in
both nominal and degraded environments (Sec. IV.A.1). Then, it is
investigated if policies trained with battery and torque variations
(BT cases) outperform their counterparts trained with only battery
variations (B cases) in terms of robustness and performance
(Sec. IV.A.2). Later, it is analyzed if policies trained with longer
episodes (450 steps) outperform their counterparts trained with
shorter episodes (90 steps) in terms of robustness and performance
(Sec. IV.A.3). Lastly, it is examined if policies trained with wider
initialization ranges outperform their counterparts trained with
nominal initialization ranges in terms of robustness and perfor-
mance (Sec. IV.A.4).
The 204 trained policies were tested in environments with 90,

450, 2250, and 11,250 three-minute steps (corresponding to 2.84,
14.2, 71.05, and 355.26 orbits, respectively), in both nominal and
degraded versions of the environment. Each combination of policy,
environment, and episode length was tested in 100 simulation runs
with different random initial conditions (resulting in 800 test runs
per trained policy). The results are shown in whisker plots. Each box
contains the 25th and 75th percentiles, while the median is shown in
an orange line and the mean in a black diamond. The whiskers
extend to the points within 1.5 times the interquartile range from the
25th and 75th percentiles; points outside this range are shown as
individual gray points. Each whisker contains 300 test runs (100 for
each of the 3 policies with the same training structure, intensity,
episode training length, and initialization range). The combined
testing results correspond to 3001 years of simulated time.
Statistical analyses were conducted to compare policy perfor-

mance. Because the performance data were non-normally distrib-
uted and exhibited unequal variances across policy configurations,
nonparametric tests were applied. Group differences were evaluated

Fig. 2 Illustration of the four investigated training approaches with
battery capacity variation during training (B-low).

Table 5 Summary of all trained policies configurations

Structure
Init.
range Intensity

Episode length, steps

90 180 270 360 450 540

Baseline
Nominal — — ✓ — — — — — — ✓ — —

Wide — — ✓ — — — — — — ✓ — —

Direct Nominal B-Low ✓ — — — — — — — — — —

B-Med ✓ — — — — — — — — — —

B-High ✓ — — — — — — — — — —

BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ ✓ ✓ ✓ ✓ ✓

Wide BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —

Inverse Nominal B-Low ✓ — — — — — — — — — —

B-Med ✓ — — — — — — — — — —

B-High ✓ — — — — — — — — — —

BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —

Wide BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —

Constant Nominal B-Low ✓ — — — — — — — — — —

B-Med ✓ — — — — — — — — — —

B-High ✓ — — — — — — — — — —

BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —

Wide BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —

DR Nominal B-Low ✓ — — — — — — — — — —

B-Med ✓ — — — — — — — — — —

B-High ✓ — — — — — — — — — —

BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —

Wide BT-Low ✓ — — — — — — ✓ — —

BT-Med ✓ — — — — — — ✓ — —

BT-High ✓ — — — — — — ✓ — —
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using the Kruskal–Wallis test, and pairwise comparisons were

performed using Dunn’s post hoc test with Holm correction to

control the familywise error rate. Pairwise comparisons were limited

to policies evaluated under identical conditions (i.e., same episode

length, environment, and initialization range) to ensure fair and

consistent evaluation. Results report the p-values (p) obtained from
these tests, the median cumulative reward (M), and the median

difference between policies (δM).

1. Impact of Training Structure

Initially, the impact of the four different training structures was

investigated when considering only variation in battery. For this

case, the policies were trained with 90-step-long episodes. While

very few differences are seen when testing these policies in envi-

ronments with 90, 450, and 2250 steps, these differences become

more visible in the longest test case with 11,250 steps. For clarity,

the reported (undiscounted) cumulative reward values exclude the

−1 failure penalty applied during training, as including it can

obscure differences among policies with distinct behaviors (e.g.,

conservative with no failures vs aggressive with failures). Excluding

the penalty allows for a direct interpretation of the reward as the

fraction of time spent in nadir scanning. Failures—which incur a −1
penalty during training—and failure type are instead reported sep-

arately. Thus, a cumulative reward of 0 corresponds to 0% nadir

scanning time, while 1 indicates 100%.

Figure 3 reports the cumulative rewards obtained by the policies

tested in the longer nominal environment, with 11,250 steps, the

number of orbits completed per case, and the percent of battery and

reaction wheel (RW) related failure across all 300 test runs. Whereas

the white background indicates the baseline case, green represents

the constant difficulty cases, blue is the direct curriculum, red is the

inverse curriculum, and yellow is the DR cases. The results in Fig. 3

indicate that the failure rate of the baseline policies was higher than

those trained with enhancements (except for the Direct B-High

case). Additionally, the cumulative reward obtained by policies

trained with enhanced training environments was higher than the

baseline. All pairwise comparisons with the baseline were sta-

tistically significant (p < 0.001) and showed higher median cumu-

lative rewards (δM � 0.023 on average), except for the Direct and

Constant B-High cases, which did not differ significantly from the

baseline. This result indicates that, although policies were trained in

enhanced environments, they are outperforming the baseline case in

the nominal environment without decreases in cumulative reward.

Different from Fig. 3, Fig. 4 shows the results for the degraded
version of the environment with 11,250-step episodes. In this case,
the baseline showed 44% failure percentage. The three best-
performing cases were Constant B-Med (p < 0.001, δM � 0.049),
Direct B-Med (p < 0.01, δM � 0.053), and DR B-High (p < 0.001,
δM � 0.057), which showed statistically significant improvements
over the baseline and 20%, 13%, and 21% difference in failure rates,
respectively. The other cases did not differ significantly from the
baseline in terms of rewards (p > 0.05). Overall, these results
indicate the benefits of structured training approaches in both
nominal and degraded environments, without loss of performance.
Whereas the cases trained with inverse curriculum showed a

balanced number of battery and torque failures, the cases trained
with constant difficulty, direct curriculums, and DR showed mostly
reaction-wheel-related failures. This indicates that there is room to
add torque variation to the training structure to help the agent learn
how to avoid unsafe states related to maximum wheel speeds.

2. Battery vs Battery and Torque Variation

Varying the battery capacity with the difficulty of the environ-
ment is expected to enhance the policy robustness with respect to
degraded battery capacities. When also adding external torque
variation to the training structure, it is expected that the policy will
be more robust to external disturbances too, leading to fewer reac-
tion-wheel-related failures. To investigate this, the policies trained
with only battery variation (discussed in Sec. IV.A.1) were com-
pared to the cases trained with both variations. Figure 5 shows the
results for policies trained with 90-step episodes with and without
torque variation. The trained policies were tested in the degraded
environment with 11,250-step episodes. The Direct BT-High
(p < 0.05, δM � 0.035) and DR BT-Med (p < 0.01, δM � 0.054)
showed statistically significant improvements over their battery-
only counterparts in terms of increased rewards and reduced failure
rate (17 and 19% difference, respectively). All other pairwise com-
parisons between B and BT cases did not show statistically signifi-
cant differences in terms of rewards (p > 0.05). The constant case
showed minor improvements (2% difference on average), whereas
the inverse curriculum case showed an increase in failure rates
(3.7% difference on average), especially for the low-intensity case.
DR showed mixed results, with the low- and high-intensity cases
showing an increase in failure rates (11 and 7% difference, respec-
tively), while the medium-intensity case showed a decrease of 45%
in failure rates (19% difference) accompanied by a 6.5% increase in
median rewards. Interestingly, cases that benefitted the most from

Fig. 4 Policies trained with battery variation in 90-step (2.84 orbits)
episodes and tested in the degraded environment with 11250-step

(355.25 orbits) episodes.

Fig. 3 Policies trained with battery variation in 90-step (2.84 orbits)
episodes and tested in the nominal environment with 11250-step (355.25
orbits) episodes.
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the addition of torque variation showed a decrease in reaction wheel-

related failure, as intended.
The results presented in Fig. 5 suggest that adding torque varia-

tion to the training structure can help the agent learn how to avoid

unsafe states related to reaction wheel speeds, reducing the number

of related failures. Nevertheless, this outcome is linked to the train-

ing structure. Increasing the external torque over training, as in the

direct curriculum case, allows the agent to learn other basic aspects

of the simulation first. The constant presence of increased external

torque in the constant case shows few improvements. The remaining

analyses focus exclusively on cases that include both battery and

torque variations, as the results indicate either improved or equiv-

alent performance compared to the corresponding battery-only

cases, with no evidence of performance degradation.

3. Episode Length in Training

While agents are usually trained for a few orbits, they are

deployed for many more orbits, as satellite missions usually range

from months to years. Still, it is impractical to train with such long

episodes and randomize the environment enough to ensure gener-

alization due to computational costs. While the training algorithm

should use the estimate of the value function to bootstrap the return

in shorter (truncated) environments, training with longer episodes

should provide the agent with more experience in the region of the

state space closer to its nominal operation. To investigate the impact

of training with longer episodes, policies trained with battery and

torque variations were trained with 90- and 450-step episodes.

Figure 6 shows the obtained results when deploying in the nominal

environment with 11,250-step episodes. The results indicate that all

policies trained with 450-step episodes achieved statistically sig-

nificant (p < 0.001) differences compared to their counterparts

trained with 90-step episodes in terms of cumulative rewards, with

δM � 0.015 increase on average. All cases were statistically sig-

nificantly different from the 90-step baseline (p < 0.05) with δM �
0.034 increase on average, whereas the Constant BT-Low and BT-

Med, Inverse BT-Low and BT-High, and DR BT-Med outperformed

the 450-step baseline (p < 0.01).
More significant differences are seen when comparing those poli-

cies in the degraded environment, as shown in Fig. 7. Extending the

training episode length from 90 to 450 steps leads to a 44% decrease in

failure rates on average across all cases. Cases trained with 450-step

episodes showed statistically significant (p < 0.01) differences com-

pared to their 90-step counterparts with an average increase in the

median cumulative reward of δM � 0.057, except for the baseline,

Constant BT-Low, Direct BT-Low, and DR BT-Med (no statistically
significant differences). Cases trained with 450-step episodes and
enhancements showed statistically significant differences when com-
pared to the 90-step and 450-step baselines (p < 0.001), except for
Direct BT-High. The best-performing policies trained with 450-step
episodes were trained with Constant BT-Med (M � 0.888) and BT-
High (M � 0.871), Direct BT-Med (M � 0.879) and BT-High
(M � 0.893), Inverse BT-High (M � 0.879), and DR-High (M �
0.884) structures. Higher cumulative rewards (higher median value
and less variance, as seen in the whiskers being more concentrated at
the top) were accompanied by a decrease in failures. For example,
Direct BT-High (450 steps) showed only a 1.6% failure percentage,
96% lower than the 90-step baseline and 91% lower than its 90-step
counterpart, with respective 13.7% and 6.7% gains in median cumu-
lative reward.
Despite the improvements seen in cases trained in enhanced

environments, the baseline policy showed an increased number of
failures when trained with longer episodes. Interestingly, the cases

Fig. 5 Policies trained with only battery (B) and battery and torque
(BT) variations. Tested in the degraded environment with 11,250-step
(355.25 orbits) episodes.

Fig. 6 Policies trained with 90-step (2.84 orbits) and 450-step (14.2
orbits) episodes and tested in the nominal environment with 11,250-step
(355.25 orbits) episodes.

Fig. 7 Policies trained with 90-step (2.84 orbits) and 450-step (14.2
orbits) episodes and tested in the degraded environment with 11,250-
step (355.25 orbits) episodes.
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trained with longer episodes showed fewer reaction wheel-related
failures, which is expected as there is more time for the buildup of
momentum due to external torque during training and the need for
momentum management actions, leading to more learning oppor-
tunities. These results demonstrate the benefits of extending the
training episode length, with no case showing a statistically signifi-
cant decrease in performance compared to their shorter episode
counterparts in both nominal and degraded environments.
Figure 8 illustrates the results for the case with the Direct BT-High

curriculum under different episode lengths during training and testing.
Policies were trained with 90-, 180-, 270-, 360-, 450-, and 540-step
episodes. These resulting policies were tested in the degraded envi-
ronment with different numbers of orbits. The baseline case showed
consistently worse performance than cases trained with curriculum.
Policies trained with 180, 270, 360, and 450 steps presented similar
performance across the number of orbits. Whereas the case with 90
steps showed a decrease in performance in longer testing episodes, the
case with 540 steps showed a more conservative behavior in 90-step
testing episodes. The number of failures for the baseline case was
significantly higher than for all curriculum cases. These results high-
light the effect of extending training episode length on the perfor-
mance of the policies, but also an insensitivity to the exact length of
the training episode. Moreover, it indicates that continuously increas-
ing the training episode does not lead to continuous improvements,
especially when it comes at the expense of less randomization during
training while preserving maximum training time or maximum num-
ber of training steps.

4. Nominal vs Wide Initialization Range

While extending the length of training episodes can return a better
experience in terms of the learning perspective, initializing the
environment over a wider range of initial conditions can help to
better estimate the value function across the state space. To inves-
tigate the impact of the initialization range in the training process,
policies were trained with the nominal and wide initialization
ranges, as indicated in Table 2. Figure 9 shows the results for
policies trained with 90-step episodes with both nominal and wide
initialization. The wide initialization benefited the constant, direct,
and DR cases the most in terms of reduced failures (83% decrease
on average). Nevertheless, the Direct BT-High case presented an
associated decrease in reward, indicating a more conservative
behavior. Overall, the cases with wide initialization differed from
their counterparts in terms of cumulative reward with p < 0.01
except for Constant BT-High, Inverse BT-Med, and DR BT-Med.
Nevertheless, the changes in cumulative reward were not consistent
across cases, with some showing increases and others decreases.
Figure 10 shows the results when combining longer training

episodes with a wide initialization range. While some cases ben-
efited from the wide initialization range in terms of failure rate, the
cumulative reward was affected. Interestingly, policies that suffered
the largest decrease in cumulative reward tended to be policies with

more intense curriculums. This outcome indicates that the training
environments were too hard for the agents to generalize well. On the
other hand, the baseline case significantly benefited from the wide
initialization, showing fewer failures and higher median cumulative
rewards (δM � 0.057) when compared to the nominal case
(p < 0.001). No statistically significant differences were observed
in the DR and Constant BT-Low or BT-Med cases.
While using the wide initialization helped to expose the agent to

more diverse parts of the state space, it also led to more failures.
Some agents ended up being overexposed to terminal states, result-
ing in a more conservative policy—showing great robustness but
also a decrease in cumulative reward. Although finding an adequate
initialization range can be challenging, it can also improve the
policy’s robustness and generalization. Cases with low intensity
and shorter training episodes benefitted the most from the wider
initialization.
Despite the results indicating that the use of training environment

enhancements leads to more robust policies, all cases showed at

Fig. 8 Different training episode lengths using direct BT-High curricu-
lum and tested in the degraded environment with different episode
lengths.

Fig. 9 Policies trained with 90-step (2.84 orbits) episodes and nominal
and wide initialization and tested in the degraded environment with
11,250-step (355.25 orbits) episodes.

Fig. 10 Policies trained with 450-step (14.2 orbits) episodes and nomi-
nal and wide initialization and tested in the degraded environment with

11,250-step (355.25 orbits) episodes.
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least one failure when deployed in 11,250-step episodes. In a real
deployment, the selected policy could be deployed with shields, a
technique that monitors the actions selected by the agent and can
provide safety guarantees [55]. Notably, [56] indicates that even
when using shields in spacecraft tasking, policies with better safety
management obtain better performance, indicating the importance
of a robust training process.

B. Training Time

Although different training environment enhancements showed
different performance in terms of rewards and failures, it is impor-
tant to consider the training time required for each policy. If a given
enhancement takes much longer to finish training, the baseline case
could be trained for more steps instead. Figure 11 shows the training
time for the policies grouped by training structure, intensity, episode
length, and initialization range. The results indicate that policies
trained with longer episodes took more time to finish training.
Training with a wider initialization range takes longer than with a
nominal initialization, which is linked to more satellites starting
with initial conditions close to terminal states, which is more likely
to lead to a failure and a reset of the environment. Still, the relation
between the time to propagate a step and perform a reset is heavily
dependent on the simulation environment.

C. Policy Robustness in a Heterogeneous Spacecraft System

Robust policies are useful in scenarios where satellite parameters
vary over time due to unexpected events or natural degradation. This
effect is pronounced when considering a system of multiple agents
with identical spacecraft. In reality, each spacecraft will have
slightly different parameters, with differences increasing over time.
While tailoring a policy for each agent is ideal, it is often impractical
due to the number of agents and the time required to train each
policy in a constantly evolving environment. Instead, the agents
could use identical, robust policies.
To demonstrate the usefulness of such robust policies in a hetero-

geneous spacecraft system, five different satellites were considered,
each with a unique combination of battery capacity and external
torque. Whereas the first four satellites had fixed parameters, the

fifth satellite had time-varying battery capacity and external torque

to represent progressive degradation. Table 6 shows the parameters

used for each satellite with respect to the nominal values shown in

Table 2.

The best baseline policy was selected, as well as the best policy

trained with a training structure. These policies were selected based

on cumulative rewards and failure percentage in the degraded

environment with 11,250 steps. The best-performing baseline policy

was the second training run with 450-step episodes and wide

initialization ranges (0.75 mean reward and 312.87 mean orbits

alive). The best policy with a curriculum was the third training

run of the case trained with 450-step episodes and the high-intensity

direct curriculum (0.88 mean reward and 351.71 mean orbits alive)

with the nominal initialization range.

Figure 12 shows the results obtained for the heterogeneous

system in 100 test runs. If a satellite failed, the episode was still

propagated forward until the failure of all satellites or the maxi-

mum episode duration was reached. The policy in blue represents

the case trained with high-intensity direct curriculum, while the

policy in gray represents the baseline. The case trained with

curriculum showed 63.8% fewer failures and δM � 0.026 (2.8%

increase) on average. Besides, none of its failures occurred in the

first hundred orbits, as in some cases using the baseline policy.

Despite presenting more failures than the baseline case in the

EO-0 satellite, the policy trained with curriculum obtained higher

median cumulative rewards. The largest difference was seen in the

EO-4 satellite with time-varying parameters, with the policy

trained with curriculum showing significantly fewer failures

(98% reduction) and higher median cumulative rewards (δM �
0.045). All differences were statistically significant (p < 0.001)
when using a Mann–Whitney U test for each satellite configura-

tion with Holm correction. This result highlights the usefulness of

a robust policy capable of handling different and time-varying

parameters in spacecraft.

a) Policies grouped by training structure, episode length, and
initialization range

b) Policies grouped by intensity, episode length, and initialization
range

Fig. 11 Policies training time.

Table 6 Satellite parameters for the heterogeneous system

Parameter

Satellite

EO-0 EO-1 EO-2 EO-3 EO-4

Battery capacity 100% 100% 50% 80% 100% → 40%
External torque 100% 400% 100% 200% 100% → 1,000%

Fig. 12 Results for a heterogeneous spacecraft system. Gray represents
the best baseline policy, while blue represents the best policy trained
with curriculum.
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V. Conclusions

This work demonstrates that enhanced training environments can
significantly improve the robustness of deep reinforcement learning
(DRL) policies for autonomous Earth-observing satellite tasking.
Policies trained with enhanced environments not only withstand
battery degradation and increased external torque but also maintain
high performance when deployed for up to 125-times longer than
their training episodes—a crucial factor for real-world, long-term
missions.
Among the strategies tested, direct CL and constant difficulty, as

well as DR, yielded the most robust results, with the Direct BT-High
case showing up to a 96% decrease in failures and a 13.7% increase
in median return compared to the baseline in the degraded environ-
ment. Training structures varying in both battery and torque did not
yield statistically significant overall performance differences,
though some cases showed up to a 6.5% increase in median cumu-
lative reward and a 19% reduction in failure percentage compared to
their battery-only counterparts. Longer training episodes showed a
44% decrease in failures on average, and wider initialization ranges
improved generalization but sometimes led to conservative behav-
iors, especially with more intense training structures. The value of
robust policies was further demonstrated in a heterogeneous space-
craft scenario, where a single policy successfully adapted to agents
with varying and time-evolving parameters, showing up to a 63.8%
reduction in failures and a 2.8% increase in median rewards on
average.
While this work presents a systematic analysis of training envi-

ronment enhancement strategies for robust policy training, some
limitations remain. In particular, the training structures and param-
eter ranges were manually defined, and their optimal configuration
is likely to be environment-specific. As such, structure, intensity,
episode length, and randomization ranges should be treated as
tunable hyperparameters to be optimized based on mission-specific
constraints and goals.
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