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Abstract—Space exploration embodies humanity’s driver to
transcend known boundaries and catalyses technological in-
novation, scientific advancements, and economic growth. As
missions become increasingly complex, control theory emerges
as a fundamental component, enhancing spacecraft navigation,
operation, and adaptability in the dynamic space environment.
This tutorial paper explores the pivotal role of control theory in
advancing space exploration beyond the 2030s, emphasizing its
contributions to autonomous decision-making, artificial intelli-
gence, robust and resilient control, and the management of dis-
tributed systems. The proposed roadmap outlines how advance-
ments in control technologies will significantly enhance mission
success and expand humanity’s presence in the solar system
from both fundamental research and commercial viewpoints,
with contributions from academia, space agencies, and industry.
This companion paper presents a comprehensive overview on
the traditional and intelligent technological solutions, addressing
current limitations in space exploration while devising future
possibilities.

Index Terms—Aerospace, control applications, autonomous
systems

I. INTRODUCTION

Space exploration fosters international collaboration, tech-
nological innovation, and economic growth, driving advance-
ments in various fields, including control theory. Control
systems are essential for spacecraft stability, precision, and
autonomy, yet current limitations in autonomy, safety, and
adaptability hinder mission scalability. As space activities
shift towards cost-effective solutions, increased mission com-
plexity, and deeper space exploration, cutting-edge control
methods are needed to overcome uncertainties and enhance
spacecraft performance. This paper surveys emerging control
technologies poised to address these challenges, aligning
with strategic global space initiatives to shape the future of
autonomous and resilient space systems by 2030.

While in the companion paper “Controls for space: A
perspective to 2030s and beyond I”, the goal is to outline the
emerging connections between cutting-edge control theory
and the future of space exploration, highlighting key areas
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expected to shape the field by 2030, in this paper, we focus
on answering the following question:

Which control techniques offer the greatest benefits
for the future of space exploration, and how can
they address the limitations of current solutions?

Control theory is a multifaceted discipline encompassing
a wide range of techniques, including control methods, state
estimation, system analysis, and planning, as illustrated in
Figure 1. Within control methods, several branches can be
identified, with a primary distinction between traditional
control — comprising optimal, robust, and adaptive control,
among others — and intelligent computing. The latter inte-
grates advanced computational techniques such as Artificial
Intelligence (AI), Machine Learning (ML), and data-driven
algorithms, enabling systems to learn, adapt, and make au-
tonomous decisions [1]. It combines elements of traditional
computing with cognitive capabilities, allowing machines to
process complex data, recognize patterns, optimize processes,
and interact intelligently with their environment.

Traditional control methods have long been the backbone
of Guidance, Navigation, and Control (GNC) systems due to
their well-defined mathematical models, stability guarantees,
and predictable performance. Classical approaches such as
proportional-integral-derivative (PID) control, Kalman filter-
ing, and optimal control techniques have been extensively
applied to aerospace, robotics, and autonomous systems,
ensuring precision and reliability. However, recent advance-
ments have demonstrated that traditional control methods are
not limited to GNC solely; they are now being extended
to broader applications, including but not limited to opti-
mal resource management and competitive decision-making.
This expansion highlights the robustness and versatility of
traditional control theory in modern engineering domains.

Conversely, Al and ML were initially developed and
widely adopted in areas such as image recognition, nat-
ural language processing, and high-level decision-making
tasks. These methods excelled in pattern recognition and
autonomous decision-making, proving invaluable in applica-
tions like object detection, anomaly detection, and strategic
planning. More recently, AI/ML techniques have started
making inroads into GNC applications, where they are be-
ing increasingly recognized for their potential in handling
complex, nonlinear, and uncertain environments. Machine
learning models, including reinforcement learning (RL) and
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Figure 1. The map of control theory [credit: EngineeringMedia].

neural network-based controllers, are now being explored
for adaptive flight control, autonomous navigation, and real-
time decision-making in dynamic systems. While challenges
related to robustness, explainability, and safety assurance re-
main, AI/ML is steadily gaining approval as a complementary
or alternative approach to traditional GNC methodologies.

This convergence of traditional control theory and AI/ML
is shaping a new paradigm in automation and autonomy,
where the strengths of both approaches are leveraged for en-
hanced performance, adaptability, and resilience in complex
systems.

A. Barriers to Success

Autonomous perception, trajectory generation, and vehicle
control are critical enablers for future space missions, yet
significant challenges remain in making them a reality. These
challenges span technical, computational, and cultural do-
mains, with varying requirements across different spaceflight
regimes. Addressing these challenges is essential for enabling
the next generation of autonomous space exploration systems.

In the following, we highlight key challenges that could
jeopardize the success of advanced space applications.

The problem of enabling autonomous perception, “in-
time” trajectory generation, and vehicle control faces many
obstacles to becoming a reality. Computing requirements
and capability varies greatly across the various space flight
regimes. Graphics Processing Units (GPU) are commonplace
for Earth atmospheric flight, but easy access to space-
hardened GPUs for in space and robotic vehicles has not
yet materialized. Sensor fusion of both on-board and off-
board sensors to produce a timely (statistically defensible)
perception and own-ship state prediction will be required to
facilitate vehicle autonomy. Moreover, “in-time” trajectory
generation and control will be required to enable sensor
slaving/cueing necessary to achieve the required levels of sta-
tistical perception certainty. Algorithm validation/verification
and run time assurance will be required for any autonomous
algorithms. Real-time or “in-time”, dynamically feasible tra-
jectory generation coupled with robust adaptive control is


https://engineeringmedia.com/map-of-control

a requirement to accommodate atmospheric, vehicle and
disturbance uncertainties. Furthermore, cultural barriers to
autonomy differ across each space flight regime and must
be overcome.

Future spacecraft and surface robotic missions require in-
creasingly capable autonomy stacks for exploring challenging
and unstructured domains and trajectory optimization will
be a cornerstone of such autonomy stacks. However, the
optimization solvers required remain too slow for use on
resource constrained flight-grade computers. Another relevant
limitation arises from the challenges in deploying GPUs for
space missions. Even nowadays, GPUs are still rarely found
only in short-term missions which typically are not concerned
with long-term radiation effects such as Total Ionising Dose,
or as part of a larger spacecraft which provides better
protection of the onboard computing systems. Recent state-
of-the-art report on small spacecraft technology by NASA
has tabulated a number of GPU-based avionics (see Table
8.1 and Table 8.3 in [2]), but many Commercially Off-The-
Shelf (COTS) systems such as NVIDIA Jetson series are
still not flight-proven or are radiation tolerant only against
Single Event Effects (e.g., bit flips). However, there is an in-
creasing interest in deploying GPUs into deep space or long-
term missions in LEO with existing flight heritage [3]. For
example, Aitech Systems, Inc., a company that manufactures
rugged computers for military and aerospace applications,
utilizes the NVIDIA Jetson TX2i System-on-Module in their
S-A1760 system [4], which is designed for spacecraft and
small satellites and has a flight heritage in LEO as part of
a larger payload system [5]. The startup company Aethero
is also developing radiation-hardened edge computers for
on-orbit data processing and autonomous decision-making
in space. Its ECM-NxN utilizes an NVIDIA Jetson Orin
processor, considered the best GPU edge processor available.
While the ECM-NxN module has not directly flown in space,
Aethero’s use of this processor in their space computer
indicates potential applications in space exploration. Finally,
the Ingenuity Mars Helicopter used a GPU-equipped Qual-
comm® Snapdragon™ 801 processor with great results, even
though it operated in a “terrestrial” environment [6]. These
are a few examples of global efforts to deploy edge GPU
systems to space, and there is no doubt that more and more
powerful space-grade GPUs will become commercially avail-
able to endure the harsh space environment for a prolonged
period of time.

Finally, it is important to note several non-technical issues,
which may limit the successful deployment of advanced con-
trol techniques in space exploration, must also be addressed,
such as ownership, proprietary information, and responsibil-
ity distribution. These aspects are often more challenging to
manage. A specific analysis on these aspect can be found in
Section IV.

B. Paper outline

The paper is structured as follows. In Section II, we outline
some of the most relevant traditional control tools, ranging

from the well-established PID to the more futuristic quantum-
inspired control. Then, Section III is dedicated to the so-
called intelligent computing techniques, which include AlI,
ML, and RL among others. In this section, we analyse the
benefits of employing this class of technologies and the
application that in the future may benefit the most from
embedding them in their design. Last, final recommendations
on ethical, educational, and multidisciplinary aspects are
drawn in Section IV.

II. TRADITIONAL CONTROL FOR SPACE APPLICATIONS

Traditional control, as opposite to intelligent computing
techniques, have paved the way of controls for space since
the very beginning. In the follows, we recall some core
techniques that have been extensively employed in space
applications and that can represent also the future of controls
for space.

A. Proportional-Integral-Derivative Control

Proportional-Integral-Derivative control is a widely used
technique that provides simple yet effective regulation of
dynamic systems. It is particularly valuable in satellite and
spacecraft control due to its ease of implementation and
reliability. PID controllers can be employed for attitude
control, maintaining satellite orientation by counteracting
disturbances caused by space environment factors such as
solar radiation pressure and atmospheric drag. Additionally,
PID-based schemes are also commonly used in thermal
regulation tasks, ensuring stable onboard temperatures by ad-
justing heater or radiator outputs in response to environmental
variations. While traditional PID control does not incorporate
predictive capabilities, its adaptability and real-time respon-
siveness make it well-suited for many space applications.
The evolution of PID tuning methods, including adaptive
and auto-tuning strategies, will further enhance its robustness
and performance in future space missions, enabling improved
stability and efficiency in both single satellites and large-scale
satellite constellations.

B. Model Predictive Control

Model Predictive Control (MPC) is an advanced technique
that uses mathematical models to predict system evolution
and optimize future actions. It is particularly useful for
satellite and spacecraft control in different context. MPC-
based controllers may be employed to manage complex
orbital maneuvers while considering as objective minimizing
fuel consumption and as constraints structural and actuators
limitations. Moreover, these control schemes have been al-
ready validated and employed for ensuring safe approaches
to space stations or other satellites. The evolution of MPC
schemes towards robust, stochastic, and data-driven schemes
will further enhance the potentialities of this category of
controllers. Additionally, MPC scheme may be employed
also for regulating satellite orientation [7] and controlling
the satellite or components temperature, anticipating and
rejecting disturbances caused by the space environment while



enforcing operational and safety constraints [8]. In the fu-
ture, MPC will be essential for managing satellite mega-
constellations in a distributed manner, for optimizing space
traffic, and preventing collisions.

C. Robust and adaptive control

Space missions operate in environments characterized by
uncertainties, such as variations in orbital parameters or
component failures. Robust and adaptive control techniques
address these challenges by ensuring stability and optimal
performance. Among all, H,, control have been extensively
used to minimize the impact of disturbances, ensuring ac-
ceptable performance even with uncertainties in dynamic
models [9]. Also, Sliding Mode Control has gained popu-
larity thanks to its capability of maintaining stability despite
unexpected variations in external forces [10]. Another notable
development is the application of adaptive control techniques,
where traditional control systems are coupled with intelligent
agents capable of continuously evaluating and compensating
for unknown sources of disturbance. These adaptive systems
are designed to operate efficiently in uncertain environments,
making them ideal for missions where unexpected failures or
changes in operational conditions might occur. One example
is represented by the so-called Model Reference Adaptive
Control, which may be employed to allow spacecraft to
adjust parameters in real-time, responding to changes in
orbital conditions or payload [11]. Novel nonlinear MIMO
adaptive control using forcing-efficiency models [12] may
provide orbit transfer guidance that could combine tradi-
tionally separated manoeuvrers, improve fuel economy and
uptime, and may be more broadly applicable than pre-existing
options. All these techniques would be fundamental for long-
term missions, such as lunar and Martian exploration, where
environmental conditions can vary significantly.

D. Distributed Control

Satellite constellations similar to Starlink and OneWeb, as
well as formation flying and space swarms architectures will
require distributed control systems to coordinate hundreds or
thousands of satellites in orbit. These technologies will enable
efficient management of satellite networks, optimizing global
coverage and reducing collision risks. In this framework, key
techniques include: i) hierarchical control, where satellites
are organized into subgroups with differentiated control levels
with the aim of reducing computational complexity as in
[13]; ii) multi-agent consensus [14], in which each satellite
communicates with neighbours to share data and coordinate
maneuvers, maintaining the optimal constellation configu-
ration; and iii) event-based control (see, e.g., [15]), where
maneuvers are triggered only when specific conditions occur
(e.g., collision risk), to reduce the energy consumption.

E. Optimization algorithms

Optimal control may play a vital role in enhancing mis-
sion efficiency and ensuring the sustainable management of
orbital operations. This section presents some of the most

promising methodologies based on optimal control. The Pon-
tryagin’s Minimum Principle may be employed to optimize
orbital transfer trajectories, reducing propellant consumption
as shown in [16]. The poor instantaneous controllability of
Linear Time-Varying (LTV) systems employed for low-thrust
rendezvous can be addressed by leveraging J2 perturbations
[17] and structural controllability analysis [18], thus deriving
a relative orbital model that is more amenable to optimal
control theory. Then, dynamic programming could be even-
tually used to find optimal solutions for complex control
problems, such as autonomous landings on celestial bodies
(see, e.g., [19]). In this category, we can also includes the
so-called heuristic algorithms, i.e., techniques like genetic
algorithms and particle swarm optimization employable for
mission planning [20] and satellite constellation management
[21]. Additionally, it is important to mention also control
techniques based on convex optimization and sequential pro-
gramming. It is important to highlight the trade-off in optimal
control whereby closed-form solutions [22] offers simplicity,
determinism, low compute as demonstrated in several mission
such as PRISMA [23], TanDEM-X [24], and STARLING
[25], while direct optimization offers more generality at the
cost of high computational effort. On the other hand, indirect
methods like prime vector [26] and reachable set theory [27],
the latter to be flown on the VISORS mission [28], could
represent a compromise between the two offering the effi-
ciency of the former and the generality of the latter. However,
further enhancement is needed to include constraints other
than dynamics in the indirect optimization methods.

F. Resilient and fault-tolerant control

Resilience is essential for space missions, where com-
ponent failures can compromise entire operations. Resilient
and fault-tolerant controls will be fundamental for long-term
missions, such as lunar and Martian explorations, where
direct assistance from Earth is rather limited. Some examples
are: 1) Fault Detection and Isolation techniques, employed
to quickly identify sensor or actuator failures, allowing the
system to autonomously respond and recover, as in [29]; ii)
redundant control, which uses backup hardware and software
to ensure operational continuity [30]; and iii) automatic
reconfiguration [31], enabling the system to adapt control
strategies to compensate for damaged components.

G. Other control approaches

Model-based system engineering (MBSE) can be em-
ployed to examine key off-nominal scenarios, thus adapting
the design evaluation and risk assessment, such as debris
capture [32] or proximity operations [33]. Multi-objective
optimization (MOO) techniques at the interdisciplinary sys-
tem level are promising, as they enable the integration of
various subsystems, such as GNC design and structural
design, while considering multiple constraints. This approach
may facilitate the identification of a Pareto-optimal compro-
mise between competing objectives, as demonstrated in [34].
MOO can also be applied to thruster layout optimization,



thermal effects from plumes, and other challenges driven by
diverse requirements. Additionally, iterative learning control
could play a foundational role, e.g., in novel Constellation
Reference Design [35], where it may be used for the selec-
tion of each orbital state reference trajectory in a constel-
lation to balance constellation formation maintenance and
fuel conservation over long missions. On the other hand,
Bayesian Optimization (BO) is a powerful technique for
optimizing expensive, black-box functions, making it well-
suited for space applications where experiments are costly,
time-consuming, or constrained by limited resources. BO
leverages probabilistic models, typically Gaussian Processes
(GPs), to efficiently explore and exploit the search space,
guiding decision-making with minimal function evaluations.
In previous studies, parameter tuning methods using BO
were applied to low-thrust rendezvous [36] and deep space
docking analyses [37]. It is widely used also trajectory
planning, satellite design, mission operations, and scientific
data processing. BO advantages include handling uncer-
tainty, balancing exploration and exploitation, and adapting
to complex, unknown functions. However, challenges like
computational complexity and real-time constraints must be
addressed. As space exploration advances, BO will play a
crucial role in optimizing mission performance and decision-
making. Another category of technologies is based on game
theory, which offers tools for analysing interactions between
different players with potentially conflicting or cooperative
objectives. Specifically, it would provide valuable frame-
works to tackle complex, multi-actor scenarios in space, from
resource allocation [38] to space traffic management [39], and
debris mitigation [40].

Last, it is important to remark how in the next decade, con-
trol techniques will further evolve and the major trends will
include: i) cognitive control, i.e., systems capable of learning
and adapting to environmental conditions in real-time; ii)
quantum-inspired control to improve trajectory optimization;
and iii) advanced human-machine interaction technologies
that may enable ground operators to interact intuitively with
autonomous space systems. The implementation of these
technologies will not only increase the efficiency and safety
of space operations but also enable new applications, such as
automated orbital maintenance and autonomous solar system
exploration.

III. AI AND ML FOR SPACE APPLICATIONS

The integration of intelligent computing techniques into
space systems has revolutionized the way we collect, process,
and analyse data from satellites. The use of Al and ML
in space exploration has opened up new avenues for data
processing, decision-making, and automation. This section
highlights the future perspective of using artificial intelli-
gence and machine learning and the way this technology will
impact not only the space industry but also the future of space
exploration.

A. Potential and Benefits of Intelligent Computing

The integration of intelligent computing into spacecraft
control may represent a pivotal advancement in the pursuit of
more autonomous, resilient, and efficient satellite operations
for future space missions. By reducing reliance on ground-
based control systems, Al- and ML-driven autonomy will en-
able spacecraft to operate with greater independence, making
real-time decisions and adapting to unforeseen challenges in
the harsh and unpredictable conditions of space. As deep
space missions extend beyond human reach, autonomous
decision-making is critical. Control systems integrated with
Al and machine learning will allow spacecraft to make real-
time decisions, adapt to unforeseen circumstances, and opti-
mize mission success with minimal human intervention. This
capability is particularly vital for deep-space exploration,
where communication delays with Earth can severely limit
responsiveness and operational efficiency [41], [42].

Furthermore, AI- and ML-powered autonomy will play
a crucial role in enabling next-generation space missions,
including swarm satellite coordination, on-orbit servicing,
and interstellar exploration. The ability of spacecraft to
learn from their surroundings, predict potential failures, and
execute corrective actions without human intervention would
potentially redefine the boundaries of space exploration. As
intelligent computing continues to evolve, it could unlock
new frontiers, making ambitious missions, such as deep-space
mining, Mars colonization, and interplanetary travel, more
feasible than ever before.

Nowadays the abundance of computational resources, en-
abled an effective deployment of ML-based data analysis
tools [43], that can perform a wide variety of tasks from
image processing [44], to telemetry analysis [45]. The use
of those tools has exponentially increased the amount of
data that can be processes and consequently the amount of
data that satellites can produce. The major drawback to this
ground-only approach is that communication infrastructure
need to be strongly consolidated in order to keep up with
the amount of data produced [46] in the future. Moreover,
scenarios in which minimal latency in response is required
(e.g., search and rescue) will be affected in any case by an
intrinsic latency.

The large amount of data collected together with the
increasing complexity associated with the development of
mega-constellation will give unprecedented opportunities and
challenges in managing this complexity. A major techno-
logical breakthrough to envision is the use of Al applied
to decision making, letting data analysis algorithms as a
pre-processing step for further analysis and suggestions to
operators. The systems could be even more efficient, if the
data analysis is split between onboard and on-ground. The
paradigm shift is to move from data towards actionable
information. ML models are capable of transforming both
unstructured and structured data into higher-level insights
for effective decision-making. A common example is cloud
segmentation: given an image captured on board a satellite,



an ML model can analyse cloud coverage to extract higher-
level information, such as the percentage of clouds in the
image. This allows for onboard decision-making — whether
to keep or discard the photo.

Moreover, onboard Al can also be employed to enable
satellites to detect and respond to anomalies, making them
more robust and reliable [45]. Furthermore, by processing
data locally, satellites can reduce their transmission load,
conserving bandwidth and energy resources. Additionally,
in the context of Space Traffic Management, by leveraging
Al and ML, operators could significantly reduce false alerts
and unnecessary manoeuvrers, optimizing fuel usage and
extending satellite lifespans.

Additionally, Al and ML could revolutionize also space
GNC systems, driving a paradigm shift toward spacecraft
that are not only self-sufficient but also highly adaptive.
The growing complexity and unpredictability of space op-
erations demand adaptive, autonomous systems, with Al
offering solutions to challenges such as improving real-time
decision-making and enhancing system flexibility [47], [48].
Historically, space control systems have relied on classical
methods, but these approaches struggle to meet the require-
ments of modern space exploration, particularly in terms
of adaptability, robustness, and autonomy. Complex tasks
in In-Orbit Servicing and planetary exploration introduce
unique demands across the entire GNC pipeline. Integrating
Al into classical GNC frameworks may help addressing these
industrial gaps and extending the possibilities for autonomous
space missions. Al-driven systems not only may increase
mission success rates but also enable more complex and
ambitious exploration by offering real-time adaptability and
more precise system behaviour prediction. Moreover, ad-
vanced ML algorithms and RL techniques could allow space-
craft to dynamically optimize their trajectories, enhance fault
detection and recovery mechanisms, and efficiently manage
onboard resources. These intelligent systems could improve
mission success rates, particularly for long-duration missions,
planetary landings, and operations in extreme environments
such as the icy moons of the outer solar system or the volatile
surface of asteroids. Finally, Al and ML are fundamentally
reshaping the field of GNC by introducing adaptive, learning-
based approaches that enhance flexibility and robustness in
dynamic space environments [47], [48]. Hence, hybrid Al-
classical approaches in GNC could bridge this gap, offering
real-time adaptability, trajectory optimization, and superior
robustness in uncertain conditions, enabling safer, more effi-
cient autonomous operations.

Last, as we continue to push the boundaries of what is
possible, the integration of ground intelligence with onboard
intelligence will become increasingly crucial, enabling us
to tackle the most complex challenges in deep space and
beyond. By merging these two realms, it could be possible
to create advanced automation systems capable of performing
complex tasks, such as: i) setting complex infrastructure
in Deep Space, i.e., Al-powered robots and satellites will

work together to establish stable, long-term infrastructure in
deep space, enabling sustained human presence and resource
utilization. For example, Al-powered robots and satellites can
collaborate to set up a positioning system on Mars, providing
the necessary infrastructure for future human missions.; ii)
exploring the solar system, i.e., advanced Al-driven space-
crafts could navigate the complexities of interplanetary travel,
overcoming challenges such as radiation, gravity wells, and
communication blackouts, by injecting ML-based algorithmic
pipelines and autonomous coordination capabilities, onboard
of the components of the space system; and iii) collision
avoidance in densely-populated orbits, i.e., Al systems that
autonomously determine when and how to execute avoidance
manoeuvrers can ensure safer operations without delays
caused by human decision-making, and can effectively handle
conjunctions involving multiple satellites, improving safety
by reducing the chance of conflicting manoeuvrers.

B. Intelligent Computing Techniques for Space Applications

One of the main challenges in GNC is effective sys-
tem identification and dynamic modelling, particularly in
unpredictable environments. Traditional methods often fail
to capture the nonlinear dynamics of spacecraft, especially
when faced with disturbances. Artificial Neural Networks mat
represent a promising solution, enabling spacecraft to learn
and adapt to their dynamics in real-time, improving onboard
model accuracy and autonomy. Additionally, Convolutional
Neural Networks and Long Short-Term Memory networks
could be employed in image-based navigation for planetary
landings, lunar descent, and autonomous rendezvous scenar-
ios, offering robust state estimation under varying lighting
and surface conditions as demonstrated in [49]. These Al-
driven techniques are especially valuable for missions in
unstructured or poorly known environments, where classical
image processing methods struggle with feature extraction
and robustness. While still in the research phase, Al-based
methods have the potential to significantly improve naviga-
tion accuracy beyond the capabilities of traditional methods.
On the other hand, RL and Deep Reinforcement Learn-
ing (DRL) could prove effective for autonomous trajectory
planning [50], asteroid mapping, and spacecraft proximity
operations [51], [52]. While RL-based methods have already
demonstrated promising results in laboratory settings and
numerical simulations, their real-world applications are still
emerging. Most implementations are currently limited to
experimental platforms, although RL-based approaches have
already been applied successfully in attitude control for
spacecraft, as seen in [53] and [54]. The potential for RL to
develop optimal policies, adapt to new conditions, and main-
tain mission integrity remains significant, with successful
applications in other domains like UAVs and mobile robots
reinforcing its future potential for space missions.

Algorithms like Deep Q-Network (DQN), Proximal Policy
Optimization (PPO), and Actor-Critic methods have been
successfully applied to navigate complex space environments
with continuous state and action spaces [55]. Incorporating



Recurrent Neural Networks could further enhance these sys-
tems by utilizing past state information, making them more
resilient to environmental uncertainties. Moreover, Meta-
Reinforcement Learning (meta-RL) could overcome the limi-
tations of traditional RL by training agents in diverse environ-
ments, improving robustness under uncertain conditions. This
is particularly important for high-risks scenarios like plane-
tary landings and docking, where environmental variables can
be unpredictable [56]. Hence, meta-RL ability to generalize
across a wide spectrum of situations could enhance system
performance in real-world operations, making it a critical area
for future space research.

Another field of interest is the trajectory optimization
for autonomous space operations, where recent advance-
ments in transformer-based architectures are revolutionizing
this framework. The Autonomous Rendezvous Transformer
(ART) network is a notable example, enabling near-optimal
trajectory design for Rendezvous and Proximity Operations
(RPO). ART could be employed to provide high-quality
warm-starts for sequential convex programs, significantly
reducing computational costs while maintaining fuel effi-
ciency, with successful validation in both Earth and Cislunar
environments [57]. This breakthrough may represent a critical
step in enabling rapid decision-making in complex dynamical
environments, which is crucial for space missions. Similarly,
the Transformer-based Powered Descent Guidance (T-PDG)
algorithm may addresses the computational bottlenecks of
real-time trajectory optimization for planetary descent. In-
deed, T-PDG would use data from prior trajectory optimiza-
tions to predict the optimal descent profile, reducing the
time needed to compute fuel-optimal trajectories. This Al-
driven approach has been validated in Mars-powered descent
scenarios, where it has outperformed traditional methods,
improving computation times by up to an order of magnitude
while ensuring the safety and feasibility of the computed
trajectory [58]. In the domain of perception and navigation,
transformer-based architectures are advancing spacecraft pose
estimation and target mapping. An example is presented
in [59] where a vision transformer, trained online by an
adaptive Kalman filter, is demonstrated to improve robustness
in spacecraft pose estimation and helps tackle the “sim2real”
gap in RPOs. In [60] an Auto-encoder network was used
to rapidly abstract a spacecraft’s 3D structure into a single
2D image. Moreover, the adaptation of Large Language
Models (LLMs) for on-orbit servicing is a recent innovation,
which enabled advanced spatial reasoning and context-aware
decision-making for autonomous spacecraft operations as
shown in [61]. Thus, by leveraging extensive pre-training on
large datasets, LLMs may offer a new avenue for integrating
high-level reasoning into space-based Al systems, particu-
larly for tasks requiring adaptive situational awareness.

In summary, intelligent computing techniques, including
neural networks, reinforcement learning, and transformer-
based architectures, are transforming space applications by
improving system identification, trajectory optimization, and

perception. These innovations have the potential to signifi-
cantly enhance mission autonomy, robustness, and efficiency,
paving the way for more advanced and reliable space opera-
tions in the future.

C. Current Limitations of Intelligent Computing

While intelligent computing algorithms present unprece-
dented opportunities in on-orbit servicing, space logistics, do-
main awareness, GNC tasks, as well as autonomous decision-
making for space operations and astronauts, their deployment
in space applications remains full with significant challenges.
These challenges are interrelated and stem from factors such
as data scarcity, the remote and harsh nature of the space
environment, risk aversion in mission-critical operations, and
stringent computational constraints.

Despite the active exploration of ML for its potential
contributions to spaceflight, its applicability is often con-
strained by the extensive training requirements. This is a
substantial obstacle for space missions, where each flight is
typically unique, making it difficult to gather large, relevant
datasets for model training and validation. Furthermore, space
systems demand high levels of reliability, robustness, and
interpretability—criteria that many contemporary ML ap-
proaches struggle to meet due to their inherently probabilistic
nature.

Another critical limitation to the adoption of Al in space
operations is the unresolved nature of the Validation and
Verification (V&V) process for these algorithms. Tradi-
tional aerospace engineering relies on well-established V&V
methodologies to ensure safety and performance. However,
many Al-driven approaches, particularly deep learning-based
methods, function as black boxes, lacking a transparent,
systematic framework for requirement mapping, fault tol-
erance assessment, and formal verification. This opacity
raises concerns regarding the trustworthiness of Al-driven
systems in safety-critical missions. Moreover, space missions
necessitate robust performance and stability margins that
align with stringent design and operational requirements
across various components within the GNC system. Al-based
models must not only demonstrate superior performance in
specific tasks but also maintain predictable behaviour under
dynamic and unforeseen conditions. Developing explainable
Al (XAI) techniques, hybrid Al-classical control approaches,
and adaptive learning frameworks tailored for real-time space
applications will be essential in overcoming these barriers.

Last, to accelerate the trusted deployment of Al in space,
future research must focus on novel techniques for data-
efficient learning, domain adaptation, onboard retraining with
minimal computational overhead, and robust V&V method-
ologies tailored for Al-driven space systems. Addition-
ally, interdisciplinary collaboration between Al researchers,
aerospace engineers, and regulatory bodies will be crucial to
establishing standardized frameworks that balance innovation
with mission safety and reliability.



IV. FINAL RECOMMENDATIONS
A. Ethical Considerations

The future of space controls raises not only technical
issues but also ethical concerns. These challenges involve
operational safety, data privacy, environmental sustainabil-
ity, and the prevention of space militarization. Adopting
ethical guidelines for the development and deployment of
autonomous systems is crucial to ensure responsible space
control. In the following, we outline key areas where ethical
issues may pose serious concerns and provide suggestions
for overcoming them.

Space traffic management relies on real-time data col-
lection and sharing regarding spacecraft positions and con-
ditions. However, this raises privacy and security issues.
For example, private operators may hesitate to share orbital
data due to commercial or strategic concerns, or continuous
tracking may reveal confidential information, such as the
technical capabilities of military or commercial satellites.
Moreover, space control systems are vulnerable to cyber-
attacks, potentially compromising operations and satellites.
To address these issues, clear governance is needed for
data protection, including strong encryption protocols and
authentication systems. Another relevant aspect is related to
the framework of space militarization. Space is increasingly
viewed as a strategic domain, leading to the proliferation of
dual-use (civil and military) satellite systems. This is raising
several concerns related to: i) surveillance and monitoring,
since space tracking systems could be used to monitor
other nations’ activities; ii) development and testing of Anti-
Satellite Weapons (ASAT) technologies, which may increase
the risk of space conflicts; and iii) strategic orbital domina-
tion, related to the competition for access to strategic orbits,
which could lead to geopolitical tensions.

The increasing density of objects in orbit poses a threat to
space sustainability. Defunct satellites, fragments from colli-
sions, and ASAT tests endanger future missions. Moreover,
space activities, such as asteroid or lunar mining, must be
regulated to prevent indiscriminate exploitation. Analogously,
light pollution due to mega-constellations, such as Starlink,
can interfere with astronomical observations and the integrity
of the night sky. Solutions like Active Debris Removal
(ADR), satellites designed with automatic de-orbiting sys-
tems, and sustainable operational practices are essential to
address these challenges.

Another ethical aspect is related to the equitable access
to space. Currently, the expansion of space capabilities is
dominated by a few countries and companies, creating a gap
between advanced space nations and developing countries.
Commercial mega-constellations are occupying orbital slots
and frequency bands, limiting opportunities for new entrants.
Moreover, the access to advanced control infrastructures can
be prohibitive for countries with limited resources. Also,
International decision-making processes are often dominated
by a minority of space agencies and private companies. To
ensure equitable access, inclusive policies, technology trans-

fers, and capacity-building programs for emerging nations
will be necessary for the future of space exploration.

Last, the integration of artificial intelligence (AI) into
space control systems introduces significant ethical chal-
lenges, particularly in areas such as transparency, account-
ability, and decision-making. As Al takes on more critical
roles in spacecraft operations, from autonomous navigation
to collision avoidance, it becomes essential to address the
implications of these advancements. Al-powered satellites
and spacecraft can perform autonomous maneuvers without
direct human intervention. While this enhances efficiency and
responsiveness, it raises an important question:

Who is responsible if an Al system causes harm?

Is it the satellite operator, the Al developer, or the entity
that trained the model? Establishing clear frameworks for
accountability in such scenarios is crucial to avoid legal
disputes and ensure fair responsibility distribution. In high-
stakes scenarios, such as potential satellite collisions or
reentry operations, Al may be tasked with making split-
second decisions. However, exclusive reliance on Al can
exclude human judgment, potentially leading to outcomes
that are technically optimal but ethically questionable. For
instance, an Al system might prioritize protecting a commer-
cial satellite over a scientific one based solely on economic
value, without considering broader societal or scientific im-
pacts. To mitigate this risk, a human-in-the-loop approach is
recommended, where Al provides recommendations, but final
decision-making authority remains with human operators,
especially for critical operations. Another critical aspect of
employing Al systems is being operated as “black boxes”,
making it difficult to understand how specific decisions are
reached. In space operations, this lack of transparency can
undermine trust and complicate post-incident investigations.
To promote ethical Al use, developers should: i) implement
explainable Al (XAI) techniques to make decision-making
processes interpretable; ii) ensure that all autonomous actions
are logged and traceable for accountability purposes; and
iii) provide operators with clear insights into the factors
influencing Al-driven decisions.

To navigate these challenges, space agencies, private com-
panies, and international organizations must adopt and ad-
here to comprehensive ethical guidelines. These guidelines
should address: a) accountability, clearly defining liability
for Al-driven actions; b) transparency, ensuring that Al
systems operate in an understandable and auditable manner;
¢) inclusivity, promoting equitable access to Al technologies
across nations and sectors; and e) safety, prioritizing human
oversight in critical decision-making.



B. Starting from Educational Scratch

“If you are planning for a year, sow rice.

If you are planning for a decade, plant trees.

If you are planning for a lifetime, educate people.”
(Chinese Proverb).

The future of space exploration requires a special fuel
mixture, which goes beyond the development of new tech-
nologies. In the 2030 roadmap [62] the IEEE Control System
Society outlined that education is the prime catalyst for
growth and prosperity in Control Systems. Education will
be key to address the rapidly evolving challenges linked to
the key societal drivers that define the applications where
control plays an increasingly important role. Among these
drivers, we have “Space: the final frontier”. As discussed
in [63], a structural combination of modern pedagogical
tools, strategic partnership with industry, business entities,
academic partners and up-to-date multidisciplinary labs may
create the conceptual framework for a competence ecosystem
for fostering a new generation of space scientists and engi-
neers. Aligned with this compelling need, several initiatives
have been already (e.g., the IFAC Workshop on Aerospace
Control Education) and shall be organized in the future to
streamline the educational ground for the forthcoming control
community.

C. Multi-Disciplinary is the New Space Frontier

The control community and all the associated stakeholders
have already initiated the technological revolution at the core
of the future of space programs. Yet many challenges remain,
and it is unlikely for them to uniquely correspond to a
single pre-existing tool, necessitating further advancement
of control theories and applications. The challenges ahead
- technological, biological, ethical, and logistical - are vast
and interconnected. The multidisciplinary approach allows
for creative problem-solving, fosters innovation, and ensures
a holistic understanding of the challenges that await us in the
future space programs. For example, a combination of hybrid
systems theory, optimization-based control, and multi-agent
control may be needed to address resource allocation amongst
systems within a spacecraft and amongst spacecraft within
a constellation (e.g., constrained power distribution and
persistent target coverage). By integrating expertise across
fields and stakeholders, we aim to guarantee a sustainable,
successful, and resilient future to the space exploration.
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