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Abstract- Deep reinforcement learning has emerged as a transformative technology in AI and robotics, finding new answers to
challenging problems in space exploration missions. This review details the latest developments within the DRL framework
with applications in space robotics, exploring aspects such as autonomous navigation and resource optimization as well as
mission planning. In this study, we do some case studies on strategies like AlphaNavNet, AstroPlannerNet, and open-source
SpaceRL framework. We review how the DRL-based system addresses some key issues such as unpredictable terrain, delay in
communication and exploration versus exploitation. In addition, this paper covers the embedding of simulation-to-reality
translation in robotics and astrophysical modeling and the application of deep learning techniques such as Double Deep Q-
Networks (DDQN) and Reinforced Deep Markov Models (RDMM) in augmenting the decision- making power of space
missions. Although DRL has proved to outperform other approaches in simulaions and prototype testing, the review also
emphasizes experimentation for added robustness and reliability within extraterrestrial condition. Through this analysis, we
gain insight into the potential and limitations of DRL in advancing space exploration, using new architectures and real-world

validation.

Index Terms- Deep Reinforcement Learning, AI & Robotics, Space Exploration, Autonomous Navigation, Resource

Optimization, Simulation-to-Reality Transfer, Astrophysics, Mission Planning.

I. INTRODUCTION

As the DRL techniques improve, the focus of the space
exploration mission is moving toward the interpretability and
transparency of the models, especially related to Al-driven
robotics. Though DRL algorithms have shown remarkable
performance in optimizing autonomous navigation as well as
resource allocation, generally, they operate as "black boxes,"
that makes the understanding behind the decisions of the
mission planners and scientists challenging. This opacity can
pose risks in high-stakes missions such as planetary
exploration or spacecraft docking where understanding and
verifying the appropriateness of decision-making processes is
critical. Integrating Explainable Al (XAI) techniques into
Deep Reinforcement Learning (DRL) models provokes deeper
insight into decision-making robotic systems. In fact, robotics
systems powered by DRL with XAI methodology, such as
attention mechanisms and model- agnostic approaches, ensure
greater transparency, adaptability, and performance. For
example, explainability makes it possible to understand why a
certain navigation path is selected, which would allow
researchers to finally judge mission safety and efficiency
effectively. Such a combination advances mutual trust and
collaboration between humans and Al. It marks an integrated

advancement for space research in terms of robustness,
efficiency, and alignment with critical mission standards
regarding the integration of DRL with XAl It minimizes
operational risks while fostering better human-agent
interaction. DRL is rapidly reshaping AI and robotics
applications for space missions as it surpasses traditional rule-
based and static decision-making systems. These models show
great scalability and adaptability and are hence crucial for
coping with the dynamic and unpredictable nature of space.
DRL-based autonomous systems, such as rovers and drones,
can be trained on both simulated and real- world environments
to handle issues like non-stationary terrains, stochastic
changes in environment, and multi- objective optimization.
DRL allows navigation, resource usage, and task-execution
strategies to be optimized for autonomous systems to adapt
faster to environmental variations as well as for achieving
multiple mission objectives with efficient utilization of
resources. Techniques such as Recurrent Deterministic Policy
Gradients in a POMDP framework provide enhanced robotic
capabilities with better generalization across challenging and
diverse space conditions. Additionally, techniques like
imitation learning maintain exploration-exploitation balance
so that decision-making strategies within the robotic system
adapt continuously to new mission requirements and unknown
features in the terrain. Moreover, open-source platforms, like
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SpaceRL, support the rather swift proliferation of DRL
strategies within space exploration by introducing modular
and customizable frameworks that support different data
inputs, DRL algorithms, and performance evaluation tools.
These frameworks have streamlined the development of
autonomous systems by offering a pre- configured simulation
environment, optimized algorithms, and validation modules.
Integrate historic data from previous missions with real-time
sensor data to enable the robotic agents to update their models
on the volatility and unpredictability of space environments.
The future of space exploration is in the further embedding of
machine learning techniques such as DRL, which will
transform mission planning and execution with the advantage
of efficiency, increased rates of mission success, and greater
dependability in operations with reduced errors due to humans
and delays in decision making. This technology is likely to
provide a gigantic leap for a mission planner and autonomous
systems while implementing complex, high-stake space
exploration activities. Therefore, the focus of advanced DRL
strategies becomes more and more towards improving the
interpretability and transparency of such models, particularly
in autonomous robotics for space missions. Despite
remarkable performance by DRL algorithms for optimizing
important mission tasks, these algorithms often act like "black
boxes," which makes it hard for scientists and engineers to
fully understand what reasoning is behind their decisions. It
makes mission validation, risk assessment, and confidence
among stakeholders difficult in operations of high stakes, such
as planetary exploration and spacecraft docking. To tackle this
challenge, researchers are working on the integration of XAI
techniques with DRL models to make the actions of
autonomous systems clearer. In other words, by adding those
XAI strategies that include model-agnostic methods and
attention mechanisms within the DRL-based control of robotic
structures, the enhanced transparency of those actions without
decreasing the performance or flexibility may be achieved.
For instance, XAl-enabled navigation systems can explain
why certain paths were chosen and allow better validation of
decisions in planning missions and ensure their operational
safety. When the confluence of DRL and XAl begins to grow,
it promises to not only enhance the effectiveness of
autonomous systems in space exploration but also ensure that
these systems meet stringent mission safety and accountability
standards. That synergy would bring more reliable and
trustworthy Al-driven robotics in the exploration of uncharted
frontiers in space.

II. LITERATURE REVIEW

John Carter and Elena Moretti explore how Al-enhanced
robotics are revolutionizing space exploration with the ability
of systems to autonomously adapt to extreme environments.
Their paper introduces CosmosPathNet, a new RL-powered
framework for planetary surface exploration. By training the
Al in simulation environments emulating Mars and the Moon,

CosmosPathNet achieves unparalleled adaptability to various
terrain types, identification of safe paths, and autonomous
detection of scientific points of interest.

The results show a resource wastage reduction, such as
unrequired energy in mobility due to which the authors still
maintain the difficulty of knowledge transfer from a simulated
environment to the real extraterrestrial conditions and
highlight the need for advanced sim-to- real methodologies to
improve the decision-making capacity of robots in real-time
within unknown terrains. Priya Das and Victor Liu examine
the intricacies of multi-robot system coordination for the
purposes of collaborative space missions. Their approach,
StellarRL, applies multi-agent reinforcement learning to
ensure smooth inter-agent cooperation among robotic agents.
The approach is applicable to asteroid mining, satellite swarm
operations, and distributed surface mapping. StellarRL uses
neural networks to improve the inter- agent communication
and refinement of the collective response to an environment
change.

Experimental results show that the system enhances mission
efficiency and also the use of resources in missions, especially
those in asteroid belt. Challenges persisted, particularly with
dealing with delays in communication, an inherent problem in
deep-space environment.

The study suggests that StellarRL needs further refinement on
the bottlenecks in order to have robustness in distributed
tasks. Maria Gonzales and Ethan Zhang work on the strategic
planning of long-duration missions through their system,
AstroPlannerNet. The model is a reinforcement learning
predictive analytics that can change mission timelines and
make task priorities such as collecting samples, habitat
construction, and equipment check-up. AstroPlannerNet uses
historical mission data and simulated stress testing for
predictive anticipation and risk mitigation.

The paper clarifies why AstroPlannerNet is so efficient in
solving complex logistic-related challenges for missions such
as lunar colonization and space or interplanetary travel. In
real-time implementation, however, the scarcity of data and
the robustness of Al models against extreme anomalies like
solar storms or broken equipment must be overcome. Sophia
Allen and Liam Cooper present the great challenge in case of
real-time hazard detection and response.

Hazard AID-Net leverages deep learning to empower the
robotic explorers with the capabilities to recognize rockslides,
sinkholes, and toxic gas emissions in real time. The model
brings together convolutional neural networks as well as
sensor data for fast decision- making to be on the safe side of
the mission.
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Preliminary results show its potential to seamlessly function
with less human intervention, thereby limiting mission
downtime. However, the authors warn against the overuse of
automated systems and propose a hybrid approach combining
human oversight with Al capabilities when critical decisions
have to be made.

ITII. RELATED WORKS

Recent studies have been targeted at the development and
application of Al and robotics in space missions to address
some of the world's most critical challenges in extraterrestrial
environments.

Current research efforts are focused on upgrading
methodologies and implementations for autonomous
navigation, resource exploration, and mission planning. The
focus is on system development adapted to dynamic and
uncertain conditions and decision-making and task execution
through AI and robotics, respectively.

Some key applications include autonomous navigation for
planetary rovers, robotic manipulators for construction and
repair, and Al-driven mission planning to optimize energy and
resource utilization. Deep learning, reinforcement learning,
and robotics have thus far been used in these domains to
enable significant advancements, pushing the boundaries of
what is possible in space exploration.

The remainder of this section briefly reports on key studies
that advance the use of Al and robotics in space exploration in

terms of research themes, methodologies, and key findings.
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IV. ADVANCES IN DRL FOR SPACE
EXPLORATION

Deep reinforcement learning has experienced tremendous
growth over the last decade and has become a transformative
technology in artificial intelligence and robotics because of its
ability to autonomously learn from its environment and adapt
to real-time data opened new possibilities for decision-making
regarding the challenging and dynamic conditions of space.
The recent discoveries on the integration of drl with advanced
computational ~ frameworks, breaking long- standing
bottlenecks encountered in traditional robotic control systems,
have enabled innovation in a wide range of topics in
autonomous navigation, resource optimization, and space
operations.

DRL advancements for space exploration include:

1. Reinforcement learning
learning

Integration of rl methods with dI techniques has been one of
the major developments in drl, because classical rl methods
were unable to address high-dimensional state and action
spaces and therefore severely limited their applicability to
simple environments. This is where innovations like deep q-
networks by google DeepMind revolutionized this field by
integrating q-learning with deep neural networks.

interconnected with deep

In terms of space applications, drl models now use cnns and
other dl architectures to process high-dimensional streams of
data, such as satellite images, sensor data, and terrain. these
models can automatically extract features from this more
complex data, such that a spacecraft or rover may
autonomously navigate unknown terrains, avoid obstacles,
and engage in real-time scientific tasks.

for example, drl agents can adapt dynamically to changing
environmental conditions, such as shifting planetary
conditions or unexpected terrain obstacles. this makes them
invaluable for planetary rovers, drones, or orbital satellites
tasked with exploring uncharted territories in space.

2. Advancements of development of drl algorithm

Thus, advanced drl algorithms have really enhanced the
stability and performance in complex environments, such as
those faced in space missions. critical issues like training
instability, reward clipping, and exploration-exploitation
trade-offs have been addressed using double dqn, dueling dqn,
proximal policy optimization, and trust region policy
optimization.

Double DQN reduces the overestimation biases by decoupling
action selection from value estimation, providing stronger
accuracy in decision-making for tasks such as route planning
and resource allocation.

Dueling DQN separates state-value estimation from the
advantage over the actions, which allows space robotics
systems to focus on the optimal action under challenging and
resource-constrained conditions without having all the state-
action pairs comprehensively evaluated.

PPO and TRPO are particularly effective for continuous
action spaces, crucial for applications such as spacecraft
docking, robotic arm control, and dynamic resource
distribution, as their exploration-exploitation balance ensures
the development of strong long-term strategies that are strong
against uncertainty and dynamic environments.

Such algorithms enable DRL agents to address noisy and
stochastic data from space environment supportiveness, such
that decisions do not experience drifts and instability in
situations characterized by unpredictable events such as solar
flares or communication delays.

3. Application of DRL in High-Frequency Decision
Making for Space Robotics

DRL has also updated high-frequency decision-making in
space robotics to respond instantly to environmental changes.
Autonomous systems generally need fast decision-making
responses, such as in planetary landings, rover navigation, or
collision avoidance, where adaptation to unforseen events
needs to be near-instantaneous, such as when an unexpected
obstacle is encountered or trajectory needs to be changed due
to some gravity shift.

Such a high-frequency decision-making task necessitates the
optimization of DRL agents' actions in real time while
processing data streams with minimal latency. This is crucial
for autonomous robots in planetary missions because direct
human intervention becomes limited due to communication
delays. Thus, the DRL agent will make a spacecraft and rover
identify optimal paths for resource allocation and scientific
task execution that enhance mission efficiency and minimize
risk.

4. Sim-to-Real Transfer Learning in Space Robotics

Sim-to-real transfer learning, which was initially constructed
for robotics and other autonomous systems, has recently
emerged as a vital breakthrough for deploying DRL in space
exploration. This technique involves the training of DRL
agents in simulated environments that mimic the harsh
conditions present in space and then subsequently deploying
them in real-world missions. This allows for safe
experimentation and fine-tuning in a controlled setting, which
mitigates the risks and costs associated with live testing in
space. For example, virtual environments may be employed to
train space rovers and drones to navigate unknown planetary
terrains or circumvent obstacles, adapt to unforeseen events
such as dust storms or gravitational anomalies. The model can
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then adapt to real-time extraterrestrial environment data and
enhance operational robustness.

This is with the intention of testing mission strategies like
autonomous docking, robotic arm manipulation, and sample
collection without jeopardizing expensive mission assets.
After deployment, models are enabled to further refine their
behaviors through real-time data collected from onboard
sensors, ensuring optimal performance throughout the
mission.

5. Development of Multi-Agent DRL Systems
Another innovation revolutionizing the realm of space
exploration robotics is the deployment of multi-agent DRL
systems. In multi-agent systems, multiple DRL agents work
together to accomplish highly specialized tasks, with the
objective of making space missions both more efficient and
precise. For example:

e Navigation and mapping: One agent may focus on
creating precise terrain maps, while the other focuses on
the safe navigation based on those maps.

e Resource management: Dedicated agents can optimize
power consumption, manage fuel usage and so on, and
allocate computing resources among mission-critical
tasks.

e Collaborative exploration: Multiple rovers or drones can
work in tandem, sharing information to explore vast
terrains more efficiently.

This involves using frameworks like TensorFlow and PyTorch
for parallel computing of data and management of operations.
The frameworks are crucial for multi-agent DRL systems in
space as they enable handling high computational
requirements. The systems allow the straightforward
distribution of workloads across agents, thereby ensuring that
mission-critical tasks are completed as quickly and efficiently
as possible, even in resource-constrained environments.

6. Explainable AI in DRL for Space Exploration

A challenge in the deployment of DRL for space missions is
that, typically, its decision-making processes are "black box."
Space exploration requires a strong level of trust and
validation due to the high cost and risk involved. To address
this, Explainable Al (XAI) has been integrated into DRL
systems, thereby allowing transparency and interpretability of
decision-making.

Techniques like saliency maps, attention mechanisms, and

model-agnostic interpretability are applied on DRL models to

gain insights into their reasoning. For example:

e XAI can provide an explanation for why a rover is
choosing a certain path or ranking one task over the other
in real time.

e Mission control teams can better understand how a
robotic system is responding to changes around it in
environmental conditions, such as terrain shifts or
machinery malfunction.

This increased transparency fosters confidence among mission
planners and stakeholders that the decisions of DRL would
not only focus on the mission but also safety standards.
Additionally, these explainable DRL models enable
identification and mitigation of potential risks before
deployment, thus increasing the reliability of space missions.

V. BACKGROUND PROBLEM IN SPACE
EXPLORATION

The space exploration challenges are by nature complex,
dynamic, and un-predictable ones thereby creating great
barriers for both robotic systems and models in Al to
overcome. Primarily, the traditional robotics and Al-based
systems that have been employed for space missions are rule-
based frameworks and supervised learning models. In
controlled environments, these approaches have been partially
successful; however, these approaches fail to cope with the
dynamic and highly wuncertain conditions found in
extraterrestrial environments. The variation in planetary
terrain, erratic weather conditions, and system malfunctions
demand solutions that are adaptive and resilient. Conventional
models fail to provide these solutions.

The main drawback of traditional models-based models, even
from the supervised learning category, is that they rely on
predefined rules and datasets annotated for a previous
mission. Such models assume that past data and trends apply
in a future mission. However, abrupt shifts in terrain, the
unexpected appearance of obstacles, or unexpected distortions
in the atmosphere all make these assumptions ineffective since
space environments are essentially non- stationary. In such
cases, the traditional systems cannot generalize or adapt to
new or unforeseen challenges, a critical requirement for a
successful mission in an uncharted environment.

Another limitation involves real-time decision-making.
Operations in space exploration by robots and Al systems
often are bound within tight time constraints. In operations
such as traversing a rover or making use of a robotic arm,
classical methods are usually too slow to adapt correctly for
best performance. Additionally, these systems lack the
computing power necessary to process the huge volumes of
high-dimensional data that are generated in real time by
sensors, cameras, and scientific instruments.

In addition, space exploration is also confronted with the
problem of the exploration-exploitation dilemma. Exploration
is defined as discovery of new paths, novel scientific data
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collection, and the establishment of previously unknown
features, while exploitation is described as optimizing known
tasks and mission efficiency maximization. Traditional models
cannot dynamically balance these objectives; hence, they most
probably miss the opportunity for making some spectacular
discovery or overemphasize its best-known tasks.

One of the most significant challenges is overfitting. Models
trained on data from specific environments-for example,
simulations of Mars or the Moon-perform well in those
particular scenarios but fail in novel conditions, including a
new planetary surface or environmental factors that were not
anticipated. The risk of an inability to generalize is massive
for autonomous space exploration systems.

Another challenge that space missions face in connection with
machine learning is the "black box" nature of most models.
High-stakes missions require both transparency and
explainability to ensure that autonomous decisions are aligned
with the objectives of the missions. Mission controllers and
scientists need to be able to trust and understand the decision-
making processes of robotic systems, for instance, when they
land, collect samples, or perform autonomous repair
operations. Traditional models lack interpretability, and as
such, achieving trust is hard to build and poses significant
questions about the reliability of mission-critical decisions.

High dimensional and noisy data are created onboard for
space exploration. Large volumes of images and terrain maps,
along with atmospheric readings and spectroscopic analyses,
contain much extraneous information and noise masking
valuable signals. Analytical models fail to handle such data
traditionally, leading to inferior decision-making. The
challenge thus remains in the integration of nonquantifiable
factors like scientific priorities or mission constraints into any
autonomous decision-making framework as pertinent to the
traditional approach.

Another issue is risk management. While classic models are
able to identify possible scientific or operational objectives,
they often inadequately evaluate and reduce the risks
associated with those objectives. Space exploration activities
are inherently high-risk operations, including crossing
unknown territory, equipment failure, or managing limited
resources. Robotic systems without adequate risk assessment
capabilities may therefore operate in manners that place in
jeopardy mission success.

Such major challenges make more resilient, agile, and
responsive systems a requirement to better handle the
complex uncertainty of the landscape of space exploration.
DRL comes out as one such alternative, promising in its
promise; it indeed counters all but nearly every one of the
limitations just mentioned. Combining deep learning and
reinforcement learning, DRL endows the system with the

capacity to learn autonomously from interacting with its
environment, adaptation to conditions that change in the
course of time, and continuous improvement in performance.
DRL does not rely on the existence of predefined rules or
labeled data by making use of exploration and exploitation
during optimal strategy discovery. This ability of high-
dimensional data handling and even real-time decision-
making is of extreme importance in solving problems of
autonomous navigation, control of robotic arms, and resource
management in space missions. Of course, challenges
associated with this problem are overfitting, computational
resource intensiveness, and a need for interpretability.
Researchers have not ceased working on overcoming these
limitations and realizing the full potential of DRL in space
exploration.

DRL presents an opportunity to build stronger, more agile,
and scalable systems adaptable to the inherent uncertainty of
space exploration, by addressing the shortcomings that hound
traditional models.

VI.METHODOLOGIES FOR AI & ROBOTICS
IN SPACE EXPLORATION MISSIONS

Space exploration applies modern ai and robotics approaches
to overcome autonomy, adaptability, and efficiency issues in
alien environments. Here are some heterogencous
methodologies whose designs specifically address space
exploration missions.

1. Reinforcement Learning(RIl)-Based Frameworks

e Reinforcement learning helps the autonomous system to
learn optimal strategies by interaction with an
environment.

e State-action-reward dynamics: states are defined as
sensor data, for example, terrain mapping or orbital
parameters; actions are movement, manipulation or
resource allocation and rewards are mission success
metrics.

e  Value-based learning: methods like deep q-networks
(dgn) are applicable to action selection on discrete spaces,
including the path planning of planetary rovers.

e Policy-based methods: algorithms, for instance, proximal
policy optimization (ppo), aid in optimizing continuous
actions, such as the movement of a robotic arm.

2. Sim-To-Real Transfer Learning

e This approach trains ai agents in simulated scenarios and
then transfers learning to real-world execution.

e Simulation training: virtual environments recreate
planetary surfaces, allowing safe testing of navigation,
manipulation, and exploration strategies.

e Domain adaptation: algorithms bridge the gap between
simulation and reality by adapting learned models to
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handle variations in real-world conditions, such as
unstructured terrains or unpredictable lighting.
e Applications: utilized for mars rovers to adapt the terrain

and also in robotic arms to sample asteroids.

3. Multi-Agent Systems (Mas)

e Multi-agent systems are systems of multiple robotic
agents that collaborate toward complex missions.

o Cooperative exploration: the robots are involved in a
cooperative task such as mapping, resource gathering,
habitat building.

e Dynamic task assignment: the algorithm applied by the
agents based on auction-based systems, to optimize at
runtime.

e Applications: swarms of robots for asteroid mining,
collaborative assembly of space structures, or cooperative
surface exploration on planets.

4. Explainable Ai (Xai) In Space Missions

e Explainability is key to trust, debugging, and compliance
with safety requirements.

e Transparency of the model: techniques such as saliency
maps and attention mechanisms reveal how ai systems
make decisions, ensuring accountability in high-stakes
missions.

e Real-time interpretability: applied to mission-critical
applications such as obstacle avoidance where the
decision logic is required to be transparent for human
operators.

e Applications: it assists in debugging anomalies related to
navigation or robotic action.

5. Hybrid Ai Systems

e Combination of multiple ai methodologies increases
adaptability and performance.

e Symbolic ai + machine learning: symbolic reasoning
provides logical adherence to constraints of the mission,
and machine learning adapts to unforeseen conditions.

e Rule-based systems for safety: enforces adherence to
strict mission rules while enabling machine learning to
adapt to changing situations.

e Applications: applied in autonomous docking systems
and mission planning.

6. Autonometric Navigation And Path Planning

e Spacecraft and robots use complex algorithms to navigate
unfamiliar terrains and orbits.

e Graph-based algorithms: a* or d* for planetary surface
mapping and traveling.

e Optimization techniques: reinforcement learning and
evolutionary algorithms to optimize energy-efficient
routes.

e Applications: Lunar and Martian rovers, deep-space
probes.

VI. CONCLUSION

Al and robotics have the potential to transform the multiple
approaches to independent space exploration missions by
going beyond the labor-intensive analysis, adaptation, and
execution of tasks in adverse extraterrestrial environments.
Unlike traditional rule- based or deterministic programming,
Al-driven methods are well suited to deal with the inherent
complexities of space missions characterized by dynamic
conditions, high uncertainty, and sparse prior knowledge. Al
technologies, like DRL, can empower the agents to
autonomously modify their strategies while improving them
with experience and also can function in complex high-
dimensional environments. Adaptability will be very
important in space exploration because uncertainties strike
when missions are over unknown terrains, in unstructured
environments, and in a real-time decision-making process.

Current Issues and Research Topics Generalization in Non-
Stationary Environments In a nutshell, space is a noisy
dynamic environment, which makes generalization a critical
challenge for Al models; for example, the same algorithm that
works on one planetary region may fail in another.

Solutions: Techniques applied include regularization,
dropout, and domain randomization, all which enhance
generalization across different environments. Focus Areas:
Adapting to new terrains, weather conditions, and unforeseen
events such as dust storms. Overfitting to Simulated Data
Deployed DRL systems suffer seriously from overfitting.
Highly specific simulation data used for training will fail to
generalize correctly when moving into real-world missions.
Approach: Researchers focus on robust validation procedures
embracing training over diverse simulated scenarios and
injecting noise to simulate real-world uncertainties.
Interpretability and Explainabilitym Al systems for space
missions need to be explainable at all costs, as this is only the
way to being trusted and reliable in mission-critical tasks. The
DRL models pose a "black-box" problem that prevents direct
real-time decisions and debugging. Integration of Explainable
Al (XAI): XAl techniques are increasingly being embedded
into DRL models, providing insights that make them more
transparent and hence regulatory compliant.

Advantages: Explainability builds confidence in autonomous
systems, so these systems are appropriate for high-
consequence tasks like rover navigation or spacecraft docking.
Future Al and robotics in space exploration have been
progressing at a great rate, with research currently under way
in: Collaborative Multi-Agent Systems In the near future,
swarms of robots working together to construct habitats or
harvest resources. Self-Healing Systems Al algorithms that
can detect and mitigate faults during very long-duration
missions. Bio-Inspired  Algorithms: Nature-inspired
techniques and adaptability, resource optimization in
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unpredictable  environments. Human-Robot Interaction:
Improved communication, cooperation between the astronauts
and robots to achieve mission goals much more effectively.
Conclusion Using methodologies such as DRL, sim-to- real
transfer, and XAI, Al and robotics merge to redefine the
possibilities of space exploration, allowing missions to be
further out and go deeper and operate autonomously in the
vast unknown.
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