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Abstract

This work addresses the challenge of autonomous robotic exploration in uncertain plan-
etary environments, such as the Martian surface, where long communication delays with
Earth make local decision-making essential. The main objective was to develop a simulation
framework aimed at enhancing the efficiency and autonomy of multi-agent robotic systems,
with a particular emphasis on scalable cooperation. The study investigates how the integra-
tion of Multi-Agent Reinforcement Learning (MARL) algorithms and dynamic environmental
simulations can improve exploration in unknown terrains.

The methodology involved the development of a detailed 2D simulation environment of
Jezero Crater, Mars, incorporating realistic weather conditions modeled from the MEDA
dataset. Climate forecasting relied on N-BEATS and LSTM models, with N-BEATS demon-
strating superior performance in predicting environmental variables. Coordination between
Explorer agents (tasked with mapping and sample identification) and Transporter agents (re-
sponsible for collection and delivery) was managed through an Auction-Based Coordination
and Autonomy Layer powered by MARL.

The results demonstrate the effectiveness of the multi-agent approach, achieving a success-
ful coordination rate of 79.4% across multiple simulation runs under varying atmospheric
conditions (with successful coordination defined as task assignments completed within the
mission time budget via the auction-based mechanism). Furthermore, emergent behavioral
specialization was observed among Transporter agents, with significant diversity in the con-
fidence_bias parameter (coefficient of variation, CV = 0.256), enhancing overall system
robustness. Additionally, the system exhibited linear scalability and a 192.9% improvement
in territorial coverage in multi-agent configurations compared to single-agent setups.

In conclusion, the integration of MARL with dynamic environmental simulations provides a
robust and adaptable solution to the complex challenges of robotic exploration and navigation
in extreme environments, paving the way for future autonomous space missions.

Keywords: Multi-Agent Reinforcement Learning, Autonomous Robotic Exploration, Sur-
face of Mars, Multi-Agent Coordination, Time Series Forecasting, Dynamic Environmental
Simulation
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Chapter 1

Introduction

This chapter outlines the context of this study, emphasizing the significance of the pro-
posed recommender systems. It will elaborate on the research focus, key questions, and the
methodology that will be employed.

1.1 Context

Space exploration missions face formidable challenges when navigating and operating in
the uncertain and high-risk environments of planetary surfaces, particularly Mars. To ad-
dress these challenges, researchers have explored the use of MARL systems, which enable
autonomous agents to learn effective coordination strategies through trial-and-error inter-
actions.(Colby, Yliniemi, and Tumer 2016; Yliniemi, Agogino, and Tumer 2014)

Actually, the advancements in autonomous technologies used by the Perseverance rover dur-
ing the Mars 2020 mission have significantly improved planetary exploration efforts. Systems
like AutoNav and Terrain Relative Navigation allow the rover to make real-time decisions,
navigate unpredictable terrain (including the Jezero Crater delta), and avoid obstacles au-
tonomously. However, despite these advances, challenges remain in adapting quickly to
sudden environmental changes and in handling complex obstacle scenarios that can compro-
mise rover operation Verma et al. 2023.

These advancements demonstrated by Perseverance’s onboard autonomy illustrate how local
decision-making can reduce routine operator load and improve responsiveness in unstructured
terrain (Verma et al. 2023). However, single rovers remain limited in coverage, redundancy
and task parallelism. Multi-agent systems address these limitations by distributing perception
and decision tasks across cooperating units, increasing exploration throughput and fault
tolerance. Such distributed autonomy is particularly relevant for missions to distant bodies
(e.g., Europa or Titan), where long communication delays make continuous human oversight
impractical and mission success depends on agents’ local adaptability.

1.2 Problem Statement

In the current space exploration landscape, the key objective is to develop autonomous
multi-agent systems able to navigate and operate in complex, uncertain environments such
as the Martian surface. These systems should reduce reliance on real-time guidance from
Earth-based controllers. This is necessary because the communication delay between Earth
and Mars, which can be as long as several minutes due to the large distance between the two
planets, makes it challenging for Earth-based operators to provide immediate, direct control
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of the robotic exploration systems. As a result, it is necessary to create highly autonomous
robots that can make decisions and carry out tasks without constant supervision from Earth.
(Yliniemi, Agogino, and Tumer 2014).

Achieving full operational autonomy requires significant computational power to process vi-
sual data and assess potential risks. While the Perseverance rover successfully navigated
more than 94% of the Rapid Traverse Campaign’s routes autonomously, it still depends
on Earth-based operators for high-level decision-making, such as defining scientific prior-
ities (Verma et al. 2023). This reliance on human intervention highlights a key limita-
tion: current autonomous systems struggle to balance computational cost and autonomous
decision-making in complex environments. Moreover, scalability challenges further hinder
the deployment of more sophisticated multi-agent exploration systems. Addressing these
challenges requires the development of more robust and adaptive autonomous frameworks
capable of operating with minimal external input (Verma et al. 2023).

The current exploration platforms demand substantial computational capacity to process
high-quality visual data. These challenges underline the imperative to devise more efficient
and scalable systems.

Also, research has shown that MARL systems can outperform single-agent approaches in
exploring non-stationary environments, and provide a comprehensive overview of the most
relevant applications in this domain (Ning and L. Xie 2024).

Concretely, the proposed solution decomposes the single, monolithic rover into a set of
specialized cooperative agents, each designed for a restricted set of functions (for example:
scouts for rapid mapping and obstacle avoidance; geologist agents for local sampling and
in-situ analysis; transporter agents for collection and delivery; and a light-weight coordinator
for mission-level task allocation).

For tractability, this project will focus on two of these classes:

• Explorer agents: responsible for mapping, local perception, and sample identification.

• Transporter agents: responsible for collection, consolidation, and delivery of samples,
and examine their cooperative behaviours.

1.3 Objectives

The primary objective of this study is to develop a simulation framework that integrates
MARL algorithms to enhance the efficiency or autonomy of robotic systems exploring un-
known environments, such as the Martian surface, with an emphasis and scalable multi-agent
cooperation.

The specific objectives are as follows:

1. Train agents in environments with systematically varied atmospheric conditions (e.g.,
wind speed, pressure, temperature) to evaluate robustness across scenarios.

2. Develop a system where autonomous explorers map the terrain, identify obstacles, and
locate valuable scientific samples.

3. Utilize a simulated 2D range-bearing sensor (LIDAR-like) with occupancy-grid mapping
and navigation algorithms to build detailed maps and detect target samples.
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4. Implement MARL to enable effective cooperation and coordination among multiple
rovers, improving exploration efficiency and adaptability.

The research focuses on answering the following guiding question:

How does integrating MARL algorithms with dynamic environmental simulations af-
fect the efficiency and autonomy of robotic exploration in unknown terrains (e.g.,
Mars)?

By addressing this question, the study aims to bridge theoretical advancements with prac-
tical applications, contributing to the growing body of research on autonomous exploration
systems. The proposed framework focuses on classical and multi-agent reinforcement learn-
ing techniques; quantum-enhanced methods (QMARL) are reviewed as a promising future
direction but their implementation is out of scope for this thesis and therefore considered
as follow-up or bonus work.

1.4 Contributions

This study aims to make significant contributions to the scientific understanding of au-
tonomous robotic systems for the exploration of unknown environments, with a focus on
space exploration. The implemented simulation will combine classical techniques such as RL
and route optimization algorithms to evaluate cooperative behaviours and task allocation
in multi-agent teams. While quantum-enhanced methods are discussed as promising future
directions, they are not part of the implemented work and are treated as follow-up material.

The simulation framework will allow us to gain valuable insights into the performance of the
proposed solution in the context of the Martian surface and assess the advantages of the
proposed multi-agent approach. The key contributions of this study will be:

1. The design and implementation of a comprehensive 2D simulation environment repre-
senting the Martian surface, with realistic terrain, environmental conditions, and the
presence of obstacles. This simulation will serve as a controlled testbed to prototype
algorithms and perform systematic evaluations of agent behaviours.

2. The design and simulation-based evaluation of cooperative multi-agent policies for
explorer and transporter roles. Agents will be trained and tested within the simulated
environment to assess mapping throughput, sample retrieval efficiency, and resilience
to sensor noise and partial observability; the work focuses on simulation experiments
and does not claim deployed robotic implementations.

3. An analysis of quantum-enhanced MARL approaches QMARL as a potential avenue
to extend the present work in future studies; the present thesis does not implement
QMARL but discusses how such methods could complement the simulated MARL
framework.

The outcomes of this study will contribute to the scientific community’s understanding of
multi-agent systems for solving complex exploration and navigation challenges in unknown
and harsh environments, such as the Martian surface. The developed simulation and the
insights gained from this research will pave the way for future work that may include quantum-
enhanced techniques as an optional extension.
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Chapter 2

State of the Art

For clarity and coherence, this chapter is structured into two main subsections, each ad-
dressing a distinct but complementary aspect of the study.

The first section provides a theoretical overview, summarizing the current state of research
on classical MARL approaches to exploring unknown environments and analyzing emerging
work that integrates concepts of quantum computing with multiagent learning. QMARL is
presented here as an exploratory research direction, rather than as an implemented compo-
nent of this thesis, where it will be further explored in the second section.

The second section presents a systematic review, conducted following the PRISMA method-
ology, to address the proposed research questions and provide insight into the novel aspects
of the current study.

2.1 What is Machine Learning and Deep Learning?

ML is a subfield of AI as shown in Figure 2.1 dedicated to the development of algorithms
capable of learning patterns from data and improving their performance without the need for
explicit programming. Its origins date back to the 1950s, with the first chess programs by
Turing and Champernowne, as well as the draughts algorithm developed by Arthur Samuel
in 1955, considered the first machine learning system to gain public recognition (Shinde and
Shah 2018).

Figure 2.1: The Hierarchy of Artificial Intelligence
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The evolution of ML includes fundamental milestones, such as Rosenblatt’s perceptron
(1957), the backpropagation algorithm popularized in the 1980s, and the introduction of
Support Vector Machines by Vapnik and Cortes in 1995. These were followed by ensemble
methods, among which AdaBoost (1997) and Random Forests (2001) stand out, increasing
both the accuracy and robustness of models (Shinde and Shah 2018).

Currently, the discipline encompasses a wide range of algorithms, including logistic regression,
Naïve Bayes, decision trees, KNN, and artificial neural networks. The availability of open-
source frameworks, such as TensorFlow, Apache Spark MLib, and Shogun, has significantly
contributed to the dissemination and large-scale practical implementation of these techniques
(Shinde and Shah 2018).

The applications of ML span multiple domains: computer vision (object recognition and
detection), prediction (medical diagnosis, network intrusion detection), natural language
processing, and information retrieval. These examples highlight the central role of machine
learning in advancing contemporary artificial intelligence (Shinde and Shah 2018).

Although traditional machine learning techniques remain valuable, they are limited in their
ability to capture complex data representations. DL has therefore emerged as a promising
subfield that addresses these limitations by employing multi-layer neural architectures capable
of learning hierarchical and non-linear feature representations.

DL is a specialized subfield of ML that focuses on the use of artificial neural networks with
multiple hidden layers to model complex patterns in large-scale data. The term “deep” refers
to the presence of several layers of non-linear processing units that progressively extract
higher-level representations from raw inputs. This hierarchical structure enables DL models
to learn abstract features and capture intricate relationships in data more effectively than
traditional ML techniques (Shinde and Shah 2018).

The origins of DL are rooted in the early studies of neural computation, from McCulloch
and Pitts’ neuron model (1943) to Rosenblatt’s perceptron (1957). However, it was not
until the development and popularization of backpropagation in the 1980s and subsequent
advances in computational power, particularly through GPUs, that deep neural networks
became feasible at scale. More recent breakthroughs include the introduction of CNNs for
image recognition, RNNs and LSTMs for sequence modeling, as well as GANs for data
generation (Shinde and Shah 2018).

Today, DL has become central to many cutting-edge applications. In computer vision,
it powers object detection, image recognition, and medical imaging analysis. In natural
language processing, DL techniques enable speech recognition, machine translation, and
semantic analysis. Other domains, such as bioinformatics, drug discovery, financial predic-
tion, and customer relationship management, also benefit from DL’s capacity to handle
high-dimensional and heterogeneous data. The ability of deep models to learn features au-
tomatically from raw data distinguishes them from traditional ML approaches and explains
their widespread adoption in modern AI research and industry (Shinde and Shah 2018).

2.2 Fundamentals of Multi-Agent Reinforcement Learning

MARL is a specialized area of RL that focuses on environments where multiple autonomous
agents interact and learn simultaneously. Unlike traditional single-agent RL, where an agent
optimizes its policy in a stationary environment, MARL presents a more dynamic setting.
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Each agent not only learns from its environment but must also adapt to the evolving behav-
iors of other agents, introducing unique challenges such as non-stationarity, partial observ-
ability, and the need for coordination (Busoniu, Babuska, and De Schutter 2008). The fact
that every agent’s decisions affect the learning process of others makes MARL significantly
more complex but also more powerful in solving real-world problems.

In Figure 2.2, a comparison is presented between the classical RL paradigm and the MARL
framework. In RL, a single agent interacts with the environment by selecting actions at
based on the current state st , subsequently receiving a reward signal rt to guide its learning
process. However, in MARL, multiple agents simultaneously interact with the environment,
each taking their own actions (a1t , . . . , a

n
t ) while receiving individual observations (o1t , . . . , o

n
t )

and rewards rt . This fundamental difference leads to more complex dynamics, requiring
additional mechanisms to handle coordination and competition effectively.

Figure 2.2: Comparison between single-agent reinforcement learning (RL)
and multi-agent reinforcement learning (MARL) from Nweye et al. 2022.

One of the major challenges in MARL is non-stationarity. Since all agents are learning
at the same time, the environment continuously changes from their perspective, making
it difficult to converge to optimal strategies (Hernandez-Leal, Kartal, and Taylor 2019).
Another challenge arises from partial observability, where each agent has limited access
to global information and must make decisions based on local observations (Oliehoek and
Amato 2016). Additionally, as the number of agents increases, the state-action space grows
exponentially, creating scalability issues (K. Zhang, Z. Yang, and Basar 2021). Coordination
and communication between agents also play a fundamental role, especially in cooperative
settings where they need to share information and synchronize actions (Lowe et al. 2017).

To address these challenges, different learning approaches have been developed. IQL allows
each agent to learn its own policy as if the others were part of MARL the environment,
though this often leads to instability (Tan 1993). A more structured approach is CTDE,
where agents receive global information during training but act independently during exe-
cution, enhancing coordination while maintaining scalability (Foerster et al. 2018). MAAC
methods further improve stability by combining policy-based and value-based techniques
(Lowe et al. 2017). Biologically inspired approaches, such as ACO and swarm intelligence,
have also been integrated into MARL, taking inspiration from nature to create robust de-
centralized decision-making strategies (Dorigo and Stützle 2019).

In space exploration, MARL has emerged as a promising tool for autonomous planetary
missions, where multiple robotic agents must explore unknown terrain, collect scientific
data, and optimize their resources (Baker et al. 2022). By leveraging decentralized learn-
ing, robotic teams can dynamically adapt to environmental uncertainties while maximizing
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efficiency. In some cases, nature-inspired strategies, such as pheromone-based path re-
inforcement, have been used to enhance exploration, ensuring that robots do not cover
the same areas unnecessarily. This mirrors the behavior of ants, which communicate using
pheromones to optimize their foraging paths (Dorigo and Stützle 2019).

By tackling the challenges of multi-agent interactions, MARL has proven to be a powerful
framework for solving complex, real-world problems, especially in scenarios requiring collab-
oration, adaptation, and efficiency. As research continues to evolve, MARL will likely play
an even greater role in advancing space robotics and autonomous exploration.

2.3 Quantum Multi-Agent Reinforcement Learning: Principles
and Future Directions

This section reviews the emerging field of QMARL from a theoretical perspective. QMARL
combines principles from MARL and quantum computing and is included here strictly as
a literature survey to contextualize promising future directions; no quantum algorithms or
QMARL implementations were conducted as part of this thesis. The primary motivation
behind QMARL in the literature is to explore whether quantum techniques can improve
learning efficiency and scalability (Yu and Zhao 2023;Cho et al. 2024).

Figure 2.3: Comparison of classical and quantum states from Payments Cards
and Mobile.

In Figure 2.3, the concept of superposition in quantum computing is illustrated by comparing
classical and quantum states. On the left, classical bits are depicted as having distinct states
of either 0 (false/off) or 1 (true/on). In contrast, the right side of the figure demonstrates
how quantum states operate differently, represented by the Bloch sphere for a single qubit
and the Q-sphere for multiple qubits. The Bloch sphere visualizes how a qubit can exist in
a superposition of both 0 and 1, rather than being limited to a single value. The Q-sphere
further extends this concept to multiple qubits, showing how they can simultaneously exist
in exponentially many states. This fundamental property of quantum computing, enabled by
superposition, allows quantum systems to process information more efficiently than classical
systems.
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In QMARL literature, quantum agents are often described as leveraging qubits and quantum
properties such as superposition and entanglement to represent and process information
differently than classical agents (Cho et al. 2024;Yu and Zhao 2023). Authors propose
quantum-enhanced variants of policy- and value-based methods and investigate QNN’s for
model representation. These ideas are presented here as surveyed research and potential
extensions to classical MARL; they were not implemented in the experiments or simulations
of this thesis.

Another aspect frequently discussed in the literature is the conceptual use of quantum
entanglement to model tight correlations between agent actions (Cho et al. 2024;Yu and
Zhao 2023). While theoretically intriguing, practical use of entanglement for coordinating
multi-agent policies remains speculative and is highlighted here as a potential direction for
future research rather than an implemented technique in this work.

Theoretical work highlights potential advantages of QMARL relative to classical MARL:
quantum representations may compactly encode large state-action spaces and quantum-
assisted optimisation could, in principle, accelerate certain search procedures (Cho et al.
2024;Yu and Zhao 2023). However, these results remain largely theoretical or confined
to constrained simulated studies, and practical large-scale QMARL systems are not yet
available; no such implementations were developed in this thesis.

In summary, QMARL is a promising area of research that proposes to leverage quantum
computing to enhance learning and decision-making in multi-agent systems. This section
provides a critical overview for readers interested in future extensions; implementing QMARL
is outside the scope of the current thesis and remains for follow-up work.

2.4 Technological Overview

Space exploration has advanced significantly, from early satellites to complex manned and
robotic missions. These programmes have driven technological progress and expanded our
understanding of the universe. Yet, challenges remain, including vast distances, extreme
environments, technological limits, and communication delays with Earth (Redondo et al.
2016).

2.4.1 Technological Challenges in Space Exploration

Automation is key to addressing these issues. Remote operations and automated tasks
boost mission efficiency and safety, while autonomous systems help overcome communica-
tion delays and ensure continuous operations in harsh conditions. This autonomy is critical
for exploring other planets effectively (Redondo et al. 2016).

Mars rovers like Curiosity and MER have made great strides, but they face challenges on
uneven terrain. The Curiosity rover, part of the MSL mission, has been a success but
struggles with obstacles and requires intricate trajectory planning. With a maximum speed
of 4 cm/s on flat terrain, wheeled rovers are limited by the size of obstacles they can handle
and the terrain they can traverse, such as inclines over 20 degrees or rocky landscapes
(Redondo et al. 2016).

Technological advancements have led to increasingly complex challenges in the field of plane-
tary exploration. Over recent years, there has been a growing emphasis on robotic autonomy
to enhance the investigation of extraterrestrial surfaces, such as Mars. Rover platforms and
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autonomous drones are now designed to execute tasks like geological analysis, navigation,
and mapping without the need for real-time input from Earth-based operators. However,
despite the progress exemplified by rovers like Perseverance, key challenges persist in areas
such as autonomous navigation and the ability to effectively navigate unknown and dynamic
environments, which remain a central focus of ongoing research efforts (Zhou et al. 2024).

2.4.2 Technological Exploration

MARL involves multiple autonomous agents learning to interact and coordinate within a
shared environment. This approach is particularly valuable in dynamic, uncertain, and com-
plex settings, such as those encountered during planetary exploration missions. MARL
enables these autonomous agents to efficiently collaborate and make decentralized decisions
to achieve common objectives (Taghavi 2024).

The integration of MARL into robotic systems for planetary exploration, including au-
tonomous rover fleets, has been demonstrated to enhance exploration efficiency and facilitate
more effective responses to unexpected challenges (Zhou et al. 2024).

Quantum computing harnesses the unique properties of quantum-mechanical systems, such
as superposition and entanglement, to perform computations significantly faster than clas-
sical computers. The integration of these quantum principles with MARL has given rise to
QMARL, a novel approach that holds the potential to overcome the computational limita-
tions of traditional methods. By leveraging quantum algorithms, QMARL can process large
volumes of data in a shorter timeframe, making it well-suited for real-time decision-making
in high-risk and dynamic environments, such as those encountered during space exploration
missions on the Martian surface (Yu and Zhao 2023).

In the exploration of unfamiliar terrains, autonomous agents must possess the ability to
adapt to novel and unanticipated situations. Traditional approaches, such as heuristic-based
methods or single-agent RL, often encounter challenges in dynamic environments where
obstacles and conditions are continually evolving (X. Li, Ren, and Y. Li 2024). In contrast,
MARL offers a robust solution for navigating such environments. For example, teams of
rovers can learn to collaboratively explore Martian landscapes, with each rover contributing
to the collective understanding of the terrain, avoiding obstacles, and mapping new areas
without centralized control.

Some recent studies report QMARL experiments in highly controlled simulated settings (L.
Hu, Wei, and Yin 2025); these works are preliminary and typically confined to small-scale
simulations or proof-of-concept hardware demonstrations. They are cited here to illustrate
active research directions, but the present thesis does not reproduce or implement these
quantum-enhanced approaches.

2.5 Systematic Review

This systematic review aims to examine the current state of research on the application
of quantum computing and MARL for autonomous exploration of unknown environments,
particularly in the context of space exploration.
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2.5.1 Research Questions

As part of this systematic review, a set of central research questions has been defined to
guide the analysis and to structure the critical discussion of the extant literature. The
principal research questions addressed are summarised in Table 2.1.

Table 2.1: Research Questions Addressed in the Review

Research Question
RQ1 What are the main practical applications of MARL and QMARL in solving explo-

ration and navigation problems in dynamic and unknown environments?
RQ2 How do MARL and QMARL approaches compare to traditional methods (heuristics,

single-agent RL, or classical techniques) in terms of efficiency and effectiveness?
RQ3 What recent advancements facilitate the implementation of QMARL in real-world

or simulated scenarios?
RQ4 What metrics and benchmarks are used to evaluate the performance of MARL and

QMARL in exploration and navigation problems?

RQ1 explores the current uses of MARL and QMARL in solving complex exploration and
navigation problems in dynamic, uncertain environments like the Martian surface.

RQ2 compares the advantages and disadvantages of MARL and QMARL approaches against
traditional single-agent and multi-agent methods.

RQ3 looks at the technological advancements that have enabled the practical application
of QMARL in simulations and real-world.

And final question is RQ4, which focuses on the metrics used to evaluate the performance
of MARL and QMARL in exploration and navigation tasks.

2.5.2 Data Sources

To answer these research questions, we conducted a comprehensive search of the following
academic databases and search:

Table 2.2: Electronic Databases Used in the Review

ID Database URL
ED1 IEEE Xplore https://ieeexplore.ieee.org/Xplore/

home.jsp
ED2 Web of Science https://www.webofscience.com
ED3 ADS https://ui.adsabs.harvard.edu

The IEEE Xplore digital library was selected for its extensive coverage of technical literature
in areas related to robotics, control systems, and quantum computing.

The Web of Science database provided a broad interdisciplinary source covering research
across multiple fields, from computer science to physics.

The astrophysics data system(ADS) was chosen as a key source for identifying relevant
research on space exploration, which could provide valuable insights into the application of
advanced computing techniques, such as QMARL, to solve problems in this domain.
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2.5.3 Search Terms

The search terms focused on exploration or navigation in unknown or unexplored environ-
ments, as there is a wealth of articles in this area. It also included a query that focused on
the same situation but with a greater emphasis on quantum-based solutions.

The main query is:

("Quantum") AND (Reinforcement learning OR Multi-agent) AND (Exploration OR Navi-
gation) AND (Unknown OR Unexplored) OR (Reinforcement Learning OR Q-learning) AND
(Exploration OR Navigation) AND ("Unknown Environments" OR "Unexplored Spaces")
AND (Multi-agent OR Agent)

The search seeks academic articles or documents that combine topics related to quantum
computing, RL, and the exploration of unknown environments. It includes papers mentioning
’Quantum, indicating an interest in the connection between quantum computing and the
other subjects. It also encompasses studies on ’Reinforcement Learning’ or

’Multi-agent, covering both multi-agent and single-agent systems. The search focuses on
exploration or navigation, especially in ’Unknown’ or ’Unexplored’ environments. To broaden
the scope, the query considers references to ’Q-Learning’, a RL technique, and

’Unknown Environments’ or ’Unexplored Spaces. The query logic is designed to capture
relevant literature exploring the intersubsection of quantum computing, intelligent navigation
systems, and the exploration of unmapped spaces.

2.5.4 Inclusion and Exclusion Criteria

To ensure the relevance and quality of the selected studies, the following inclusion and
exclusion criteria were applied:

Table 2.3: Inclusion Criteria (IC) Applied in the Study Selection

Inclusion Criterion (IC)
IC1 The study must include RL or multi-agent systems (for MARL) or QRL

/QMARL.
IC2 The study must address exploration, navigation, or route optimization.
IC3 It must be related to unknown, dynamic, or partially observable environ-

ments.
IC4 The study must present practical applications or relevant simulations, such

as robotics, autonomous systems, logistics, or environmental exploration.
IC5 The study must be published in the last 5 years (2019–2024).
IC6 The study must be written in English.

The table 2.3 reflects our focus on studies that investigate the potential of MARL, QMARL,
and related techniques in solving complex exploration and navigation problems in dynamic,
uncertain environments.

The table 2.4 helps to filter out studies that are not directly relevant to the research questions
or do not meet the minimum standards of quality and currency.
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Table 2.4: Exclusion Criteria (EC) Applied in the Study Selection

ID Exclusion Criterion (EC)
EC1 The study does not involve RL or multi-agent systems (MARL or

QMARL).
EC2 The study does not address exploration, navigation, or route optimization.
EC3 The study is purely theoretical, without practical application or simulation.
EC4 The study is not written in English.
EC5 The study was published before 2019.
EC6 Duplicated or irrelevant sources (e.g., opinion articles, abstracts without

full text).

2.5.5 Quality Assessment

The quality of the selected studies was assessed based on the following:

• Relevance to exploring unknown environments using robots or related systems, even
if they don’t directly address Mars or QMARL.

• Clarity of results, including clear metrics, consistent findings, and well-supported con-
clusions.

• Scientific impact, such as number of citations or alignment with the project’s objec-
tives.

2.5.6 Data Extraction and Synthesis

A total of 385 sources were identified through the research queries across multiple databases.
After removing duplicate entries, 341 papers proceeded to the abstract screening process,
where they were assessed against the inclusion and exclusion criteria. This resulted in the
exclusion of 242 papers, leaving 99 papers to undergo full-text assessment.

Following the application of the inclusion and exclusion criteria at the full-text level, 21
papers were excluded, resulting in 78 eligible studies. Additional articles were identified
through reference tracking, though the exact number remains to be determined.

An additional 39 articles were identified through reference tracking, where the citations of
selected studies were reviewed to find relevant sources not captured in the initial database
search. This step enhanced the comprehensiveness of the review. The flow diagram on
figure 2.4 summarizes the overall selection process.

2.5.7 Research Questions’ Answers

This subsection focuses on examining each research question and, based on the analysis per-
formed previously, uncovering the current state of knowledge with respect to each question.

RQ1 - What are the main practical applications of MARL and QMARL in solving
exploration and navigation problems in dynamic and unknown environments?

Recent literature highlights a growing interest in using MARL to address complex exploration
and navigation problems. Approaches vary, but typically emphasize the ability of agents to
cooperate and adapt to uncertain environments.
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Figure 2.4: Flow diagram of the paper selection process for the systematic
review

Multi-robot exploration has been investigated in several studies that have explored the use
of MARL to coordinate multiple robots in the exploration of unknown environments (Liu
and Wu 2019 ; J. Wang et al. 2023).

The use of multiple robots can increase efficiency and speed in the exploration of complex
environments. Approaches such as MAMECS leverage attention mechanisms to reduce
the state space and enhance cooperation strategies among the robots (Q. Chen et al.
2024 ; Deng, Gong, and L. Li 2022). H2GNN leverages a topological graph to model the
environment, aggregating information hierarchically to optimise exploration (H. Zhang et al.
2022b).

Autonomous navigation has seen the application of MARL algorithms to train robots for
navigation in dynamic environments without reliance on prior maps. These approaches
enable the robots to adapt to obstacles and other dynamic elements in the surrounding
(Hamann and Wölk 2022 ; Raj and Kos 2024). The use of deep neural networks allows
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robots to learn navigation policies directly from raw sensory data, eliminating the need for
explicit mapping and path planning(Ali et al. 2023). The approach proposed by J. Li et al.
2021 utilizes a behaviour-based architecture for navigation, which integrates objectives such
as reaching designated goals and avoiding collisions. This integration helps to mitigate the
complexity of the learning process.

In scenarios with limited communication between robots, decentralized architectures lever-
aging MARL enable agents to independently determine when to share local maps or continue
exploring on their own (Calzolari et al. 2024). This decentralized approach reduces redun-
dant data collection and optimizes the overall mapping time (Calzolari et al. 2024). Systems
like the one described in Calzolari et al. 2024 use hierarchical planning, with global planning
based on genetic algorithms and local navigation through RL.

In the domain of search and rescue operations, studies have highlighted the potential of
MARL for addressing the complexities and dynamism inherent in such environments (Cao
et al. 2024). The HMA-SAR framework incorporates a specific state and reward design,
heterogeneous curriculum training, and a hybrid decision engine, improving performance in
dynamic scenarios(Cao et al. 2024)

In the context of constrained exploration, MARL algorithms can be leveraged to incorporate
specific requirements and constraints, such as maintaining connectivity between robotic
agents during navigation in unknown environments. The study in M. Li et al. 2022 combines
expert demonstrations with RL to ensure that robots maintain connectivity while exploring.

The domain of QMARL is still in its nascent stages, with relatively fewer practical im-
plementations compared to conventional MARL approaches. However, existing research
suggests that QMARL holds considerable promise for addressing exploration and navigation
challenges, leveraging the unique capabilities of quantum computing principles.

Quantum algorithms have the potential to accelerate the learning process and enhance the
efficiency of exploration in improving exploration and learning tasks ( Kölle et al. 2024 ;
Taghavi 2024). Quantum algorithms, such as the Quantum Approximate Optimization
Algorithm, have been utilized to explore large solution spaces and identify approximate so-
lutions to complex problems (Taghavi 2024). In Y. Hu et al. 2021 explores how quantum
theory can be used to optimise control through RL.

Quantum communication techniques, such as the utilization of quantum channels and agent
entanglement, enable agents to learn without the need for sharing local observations, thereby
reducing communication overhead (DeRieux and Saad 2024). The eQMARL approach
trains decentralized policies via a split quantum critic, optimizing performance without the
need for centralized classical communication. This approach leverages quantum theory
principles to enable agents to learn and coordinate without relying on extensive information
sharing, thereby reducing communication overhead and improving the overall efficiency of
the exploration and navigation tasks.(DeRieux and Saad 2024).

RL techniques can be leveraged to optimize the architecture of quantum circuits in applica-
tions that require agents to make decisions based on quantum information processing (Dai
et al. 2024). The RL-QMLAS method uses a RL agent to discover optimal sequences of
quantum gates, achieving high classification accuracy (Dai et al. 2024).

Then, the conclusion is that MARL and QMARL offer innovative solutions for exploration
and navigation in dynamic, unknown environments. Practical MARL applications include
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large-scale multi-robot exploration, autonomous navigation without prior maps, collabora-
tive mapping with limited communication, and search/rescue operations in uncertain sce-
narios. While QMARL remains in early stages, it shows promise for accelerating learning,
enhancing exploration efficiency, and enabling new communication/optimization techniques
through quantum computing. Future challenges involve developing more robust algorithms,
generalizing to diverse scenarios, and ensuring policy security and interpretability.

RQ2 - How do MARL and QMARL approaches compare to traditional methods (heuris-
tics, single-agent RL, or classical techniques) in terms of efficiency and effectiveness?

Recent literature suggests that MARL and QMARL can outperform traditional exploration
and navigation methods in various metrics, including speed, coverage, and adaptability to
dynamic environments.

In Computing and Resource Time we find that :

1. Traditional grid-based platforms can suffer from computational bottlenecks due to the
extensive training time in MARL(Zhu et al. 2024). In contrast, the MAexp platform,
which uses point clouds, achieves a sampling speed around 40 times faster than existing
platforms, speeding up the training process(Zhu et al. 2024).

2. The eQMARL approach exhibits a substantial decrease in the number of centralized
parameters compared to traditional baseline methods, leading to a diminished compu-
tational burden. Specifically, eQMARL requires 25 times fewer centralised parameters
than a classic baseline (DeRieux and Saad 2024).

3. The Dist-QTRL framework leverages parameterised quantum circuits to efficiently
generate neural network parameters, achieving a poly(log(n)) reduction in the dimen-
sionality of the trainable parameters, which results in greater computational efficiency
(K.-C. Chen et al. 2024).

4. Compared to classical algorithms, methods such as Q-learning can suffer from slow
learning, especially in continuous state and action spaces (Y. Hu et al. 2021). Methods
such as CMD-QL and CFPA-QL try to speed up this learning by initialising Q-tables
and dynamically adjusting the exploration factor (Gao et al. 2022).

In Exploration and Convergence we find that :

1. MARL approaches such as SOMARL, which integrate an HTN planner, exploit the
action space more efficiently in sparse reward environments with traps than methods
based on neural networks (Mu et al. 2023).

2. QMIX’s semantic exploration (SEG) allows for more effective exploration in spaces of
actions with semantic meaning, which improves performance in complex tasks (Tse
and Leung 2022).

3. eQMARL, through the use of quantum entanglement, converges to co-operative
strategies faster than classical and quantum baselines, achieving speed improvements
of up to 17.8% in certain scenarios (DeRieux and Saad 2024)

4. In Energy Costs we think that methods such as Quantum-powered neuromorphic com-
puting lead to a significant reduction in energy consumption(Taghavi 2024)

When examining the efficacy of these approaches, research indicates that:
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1. Traditional methods can be limited in their ability to efficiently coordinate multiple
agents in exploration (J. Hu et al. 2020a)

2. QMIX(SEG) demonstrates superior performance to other state-of-the-art MARL meth-
ods in the SMAC, indicating the method’s capacity for complex, collaborative tasks(Tse
and Leung 2022).

3. In addition to converging faster, eQMARL achieves a higher overall score compared
to classical and quantum methods in MDP and POMDP environments (DeRieux and
Saad 2024).

4. Dist-QTRL achieves a competitive performance, with average rewards similar to those
of classic models, but with significantly fewer parameters, which demonstrates the
framework’s effectiveness in terms of model accuracy and efficiency (K.-C. Chen et al.
2024).

5. The combination of meta-heuristic algorithms (such as Simulated Annealing and Par-
ticle Swarm Optimisation) with QRL produces near-optimal results in tasks such as
MiniGrid and Cart Pole(Kölle et al. 2024)

The literature indicates that MARL and QMARL approaches demonstrate significant ad-
vantages over traditional methods in terms of efficiency and effectiveness, particularly in
complex tasks and multi-agent environments. MARL enhances the capacity for collaboration
and exploration, while QMARL accelerates the learning process and reduces computational
resource requirements. Conversely, traditional methods such as Q-learning and other heuris-
tics can be hindered by slow learning, scalability challenges, and limited ability to manage
interactions among multiple agents. Hybrid approaches that integrate classical techniques
with MARL/QMARL show promise for specific scenarios, combining interpretability and op-
timized performance. Ultimately, the selection of the most appropriate approach depends
on the specific context and application requirements; however, it is evident that MARL and
QMARL provide more effective solutions for many complex scenarios compared to traditional
methods.

RQ3 - What recent advancements facilitate the implementation of QMARL in real-
world or simulated scenarios?

The development of quantum hardware is critical for the successful implementation of
(QMARL), a cutting-edge field that combines the power of quantum computing with the
complexity of multi-agent learning systems. To make this vision a reality, progress in several
key areas is essential: improving the stability and coherence of qubits, increasing the number
of qubits and their connectivity, and leveraging advanced quantum simulators.

Stability and coherence are among the most pressing challenges in quantum computing.
Qubits, the fundamental units of quantum information, are incredibly sensitive to their en-
vironment. This sensitivity often leads to decoherence, where the information stored in a
qubit is lost due to interactions with external factors. For QMARL, where algorithms require
deep, complex quantum circuits, maintaining coherence over longer periods is essential (Dai
et al. 2024). Recent advancements in technologies like superconducting qubits, trapped
ions, and silicon-based qubits have shown promise in reducing error rates and enhancing
stability. These improvements are paving the way for algorithms capable of handling the
intricate demands of multi-agent learning scenarios.
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Equally important is the need to scale the number of qubits and improve their connectivity.
Each additional qubit expands the system’s ability to represent and process information
exponentially, enabling the modeling of increasingly complex environments. However, raw
numbers alone aren’t enough—connectivity between qubits plays a critical role in determining
how efficiently quantum operations can be performed (Lockwood and Si 2020 ; K.-C. Chen
et al. 2024). High connectivity allows for faster and more precise interactions between
qubits, which is particularly valuable for QMARL. Operations like quantum entanglement,
which enable agents to share information and coordinate strategies, become significantly
more effective with improved connectivity. Advances in dynamic coupling architectures and
innovative qubit network designs are driving progress in this area, enabling the execution of
more powerful algorithms.

Finally, quantum simulators serve as an invaluable tool in the development of QMARL.
Since current quantum computers are limited in their capacity and stability, simulators allow
researchers to experiment with and fine-tune algorithms in controlled environments before
deploying them on actual hardware. (DeRieux and Saad 2024). Platforms like IBM’s Qiskit
and Google’s Cirq provide environments where algorithms can be tested, optimized, and
evaluated. This not only speeds up the research process but also ensures that models are
well-prepared for the constraints of real-world quantum devices.

The development of software tools, such as quantum frameworks and libraries (Qiskit, Cirq,
TensorFlow Quantum) (DeRieux and Saad 2024 ; Hamann and Wölk 2022), along with
simulators like OpenAI Gym (DeRieux and Saad 2024 ; Moflic, Garg, and Paler 2023)
with extensions for QMARL, has played a crucial role in making QMARL more accessible.
These tools allow researchers and developers to experiment with and validate algorithms
in simulated environments, making it easier to implement and refine complex approaches
before moving to actual quantum hardware (Y. Hu et al. 2021).

The literature highlights several key advancements that have enabled the practical imple-
mentation of QMARL. These include progress in enhancing the stability and coherence of
qubits, which is crucial for maintaining the integrity of quantum information necessary for
complex QMARL algorithms. Additionally, increases in the number of available qubits and
improvements in their connectivity have expanded the computational capacity and facili-
tated more efficient coordination among multiple agents. The development of advanced
quantum simulators has provided essential research and experimentation platforms for test-
ing and optimizing QMARL algorithms prior to deployment on physical quantum hardware.
Furthermore, the creation of specialized quantum algorithms tailored for MARL, leveraging
unique quantum phenomena, has accelerated the learning process. The integration of clas-
sical and quantum techniques, such as the use of variational quantum circuits, has yielded
powerful and flexible hybrid approaches for QMARL. The emergence of supporting soft-
ware frameworks and libraries has also facilitated the implementation and deployment of
QMARL systems. Finally, the demonstration of QMARL applications, including examples
like variational quantum circuits and quantum neural networks, has showcased the potential
of this approach in real-world scenarios. These advancements have enabled the realization
of QMARL in both simulated environments and actual quantum hardware, opening up new
possibilities for the development of more efficient and effective multi-agent systems.

RQ4 - What metrics and benchmarks are used to evaluate the performance of MARL
and QMARL in exploration and navigation problems?
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Several metrics are commonly used to evaluate the performance of MARL and QMARL in
exploration and navigation tasks. One of the key indicators is area coverage, which measures
the proportion of the environment that has been explored by the agents. A higher coverage
suggests a more complete and effective exploration process (Q. Chen et al. 2024; Sygkounas
et al. 2022). This can be assessed by calculating the percentage of visited grid cells in a
discrete map (Kalra et al. 2024) or by quantifying the mapped area in a continuous space
(Q. Chen et al. 2024). Another critical metric is exploration time, referring to the duration
required for agents to explore a given percentage or the entirety of an environment. More
efficient approaches achieve lower exploration times (Q. Chen et al. 2024).

Entropy is also frequently employed in mapping contexts to measure uncertainty or lack of
knowledge about the environment. A rising entropy value over time suggests that agents
are actively exploring unknown areas, while a decreasing trend indicates a gradual mapping
of the space (Botteghi et al. 2021). In scenarios where hidden targets are present, the
target discovery rate is a valuable measure, as it reflects how effectively agents locate these
targets. A higher discovery rate indicates more efficient exploration strategies (Cao et al.
2024).

When evaluating navigation performance, several other factors come into play. Path length,
for instance, measures the total distance an agent travels to reach a goal. Shorter path
lengths suggest more efficient routing strategies (Y. Yang, Bevan, and B. Li 2020; H. Xie
et al. 2023). Similarly, time to goal assesses the duration needed for an agent to reach
its objective, with shorter times indicating more effective navigation (Y. Yang, Bevan, and
B. Li 2020). Another crucial metric is the success rate, which represents the percentage
of successful attempts in reaching a goal. A higher success rate implies a more reliable
navigation strategy (Cao et al. 2024). Additionally, energy or resource consumption is a key
consideration, particularly in scenarios where efficiency is paramount. This metric quantifies
the energy or computational resources required for task completion (Taghavi 2024). Lastly,
the frequency of collisions is an essential factor, as a lower number of collisions reflects safer
and more effective navigation (Liu and Wu 2019; Jin et al. 2019).

To ensure rigorous evaluation and comparison of different algorithms, standardized envi-
ronments and datasets serve as benchmarks. Simulated environments play a crucial role
in this process. Gridworld, for example, is a simplified space where the environment is di-
vided into discrete cells, making it ideal for testing fundamental principles of MARL and
QMARL algorithms (H. Zhang et al. 2022a; Kölle et al. 2024). Tasks in Gridworld can
range from full environment exploration to locating specific objectives (Karami, Aghababa,
and Keyhanipour 2020). Another widely used platform is simulated robotics, where virtual
robots engage in exploration and navigation tasks. These benchmarks often rely on software
like Gazebo (Han, Fang, and He 2022; J. Hu et al. 2020b) and V-REP (Q. Chen et al.
2024) to create realistic simulations that account for robotic dynamics and environmental
interactions. Robots in these simulations are typically equipped with sensors such as LIDAR
(Alcalde et al. 2022; Ali et al. 2023) or cameras to collect data about their surroundings,
and some environments also feature Ackermann vehicles equipped with radars (Zhu et al.
2024).

Other benchmark frameworks include MPE, designed for MARL(Liu and Wu 2019), and
SMAC, which is particularly useful for testing MARL algorithms in combat and strategic
scenarios (Tse and Leung 2022). MiniGrid is another noteworthy environment, primarily
used for navigation and reinforcement learning tasks, as well as for optimizing quantum
circuit parameters (Kölle et al. 2024; K.-C. Chen et al. 2024).
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The combination of these performance metrics and standardized benchmarks is essential
for assessing the effectiveness of MARL and QMARL algorithms in exploration and navi-
gation tasks. The use of platforms such as Gridworld, robotic simulation environments like
Gazebo and V-REP, and frameworks such as MPE and SMAC, along with real-world datasets
like KITTI and university campus data, enables comprehensive evaluation and comparison.
These rigorous assessments play a crucial role in advancing multi-agent systems and robotics
research.

2.5.8 Synthesis and Answers to the Research Questions

Based on the systematic review and the analysis of the state of the art presented in this
chapter, we summarize below direct answers to the four research questions (RQ1–RQ4).

RQ1 — Practical applications of MARL and QMARL: The literature indicates that MARL
already has consolidated practical applications in multi-robot exploration, autonomous navi-
gation without prior maps, collaborative mapping under limited communication, and search-
and-rescue scenarios (e.g., Liu and Wu 2019; Calzolari et al. 2024; Cao et al. 2024). QMARL
emerges as a nascent area with proof-of-concept demonstrations in simulation; however, its
practical applications remain preliminary and are generally confined to simulated studies or
small-scale demonstrations (e.g., L. Hu, Wei, and Yin 2025).

RQ2 — Comparison with traditional methods: In complex multi-agent tasks, MARL
tends to outperform classical approaches (heuristics or single-agent RL) in metrics such as
coverage, adaptability, and robustness (see section on RQ2). Proposals for QMARL re-
port theoretical advantages in efficiency and representational dimensionality under restricted
contexts (e.g., DeRieux and Saad 2024; K.-C. Chen et al. 2024), yet these findings remain
incipient and have not been generalized to real-world scenarios.

RQ3 — Advances enabling QMARL: The main developments that may render QMARL
feasible include improvements in qubit coherence and stability, increased qubit count and
connectivity, and the maturation of simulators and frameworks (Qiskit, Cirq, TensorFlow
Quantum). However, these advances are necessary but not sufficient: many studies remain
confined to simulated environments and lack replication on scalable hardware (section RQ3).

RQ4 — Metrics and benchmarks used: Evaluations employ a combination of metrics (area
coverage, exploration time, target discovery rate, path length, time-to-goal, success rate,
resource consumption, and collision frequency) and standardized benchmarks (Gridworld,
MPE, SMAC, Gazebo, MiniGrid, datasets such as KITTI). These metrics enable rigorous
comparisons among classical approaches, MARL, and preliminary QMARL studies (section
RQ4).

In summary, the review shows that MARL constitutes a mature solution for several multi-
robot exploration problems, whereas QMARL represents a promising but still largely theo-
retical and experimental direction. For this thesis, implementation and evaluation focus on
MARL in simulated environments; QMARL is discussed as future work and as a potential
solution for specific challenges.
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Chapter 3

Methods and Materials

This chapter details the methodological approaches and materials utilized in the development
and execution of the experiments. It describes the dataset selected and the preprocessing
techniques applied to it. Furthermore, it outlines the experiments conducted and the vali-
dation methods employed. Additionally, it addresses the ethical and security considerations
taken into account during the data handling process.

3.1 Method and tools

To achieve the goals of this thesis, a systematic approach involving a combination of ad-
vanced computational tools, programming frameworks, and algorithmic strategies was em-
ployed. The methods and materials are described in detail below to ensure the reproducibility
and transparency of the research process.

3.1.1 Map Construction and Simulation Framework

The initial step involved building a two-dimensional Mars simulation environment. This was
accomplished using the Python programming language, chosen for its versatility. A grid-
based map was created to simulate each possible step that rovers could take, ensuring a
high level of granularity in the simulation. This grid was designed to be dynamic and adaptive,
enabling it to be populated with realistic scenarios and constraints.

To increase the realism of the simulated environment, AI techniques were integrated. These
techniques provided adaptive behaviors and decision-making capabilities within the simula-
tion, contributing to a 2D Mars simulator that was as realistic as possible with the data
provided.

3.1.2 MARL Environment

The next stage involved populating the simulation with rover agents implemented in Python.
Rovers were categorized into two primary types: explorers and transporters, each performing
distinct but interrelated tasks. Explorers were tasked with data collection and environmental
mapping, while transporters optimized resource delivery and logistics within the simulation.

An algorithmic approach was implemented to optimize the transporters’ routes, ensuring
efficient navigation and task completion. The design and optimization of these routes were
informed by prior studies in the literature on path optimization in multi-agent systems.
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3.2 Dataset

Over the years, multiple Martian missions have deployed weather stations to study the
planet’s atmosphere, each contributing valuable insights into its climate dynamics. From
the early Viking landers to the state-of-the-art MEDA system aboard Perseverance, these
instruments have evolved significantly, improving our ability to monitor and understand Mar-
tian weather patterns.

Each weather station was designed with specific mission goals in mind. Some, like the Viking
landers, provided the first-ever direct atmospheric measurements, while others, like Phoenix,
focused on studying regional conditions. The Curiosity rover’s REMS system expanded en-
vironmental monitoring, and InSight, though primarily a seismic mission, contributed at-
mospheric data as well. The most advanced system to date, MEDA, offers continuous,
high-resolution monitoring, providing crucial data for future exploration and potential hu-
man missions.

The table 3.1 compares these weather stations across key aspects, including the range of
measured parameters, temporal resolution, data availability, specialization for Martian cli-
mate studies, accessibility, and integration with other datasets. This comparison highlights
how each system has contributed to our growing understanding of Mars, with MEDA stand-
ing out as the most comprehensive and advanced weather monitoring system yet.

After additional research, the MEDA dataset was identified as a reliable source of Mars
weather data. This dataset is a recent contribution from NASA’s Mars 2020 mission, which
was not included in the previous literature review. This discovery reflects the rapid progress
in planetary exploration, with new data and insights being continuously generated.

The MEDA dataset provides detailed, real-time measurements of Martian atmospheric con-
ditions, including temperature, wind speed and direction, atmospheric pressure, humidity,
solar radiation, and the concentration of atmospheric dust. Collected by the Perseverance
rover in the Jezero Crater, these observations offer an unprecedented level of precision and
context for understanding the dynamic weather patterns of Mars (Rodriguez-Manfredi et al.
2021).

The data used is organized into different levels of processing, each serving a specific purpose:

1. Raw Data (data_raw_env): These are the original digital values captured by the
sensors, with no processing applied. They serve as the foundation for all subsequent
stages and are essential for validating measurements directly at the hardware level.

2. Partially Processed Data (data_partially_processed_env): At this stage, the data
has undergone initial processing and has been converted into basic physical quantities,
such as voltages, intensities, and resistances. These data are mainly used to monitor
sensor performance and assess their health.

3. Calibrated Data (data_calibrated_env): These data provide environmental magni-
tudes such as pressure, temperature, humidity, and wind. They are adjusted using pre-
landing calibrations and post-landing observations, with minimal assumptions about
external conditions.

4. Derived Data (data_derived_env): These are the most processed data products,
created from calibrated data using models and additional assumptions. They offer
consolidated magnitudes, ideal for more advanced scientific analyses, such as wind
behavior or pressure variations.
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To achieve a complete dataset with all the necessary information, data from the different
datasets mentioned above will be combined and analyzed together.

Within these datasets, the data is further divided by SOL, a term used in space exploration to
refer to a Martian solar day. A SOL is slightly longer than an Earth day, lasting approximately
24 hours and 39 minutes. This division by SOL is crucial for organizing and analyzing data
from Mars, as it ensures that measurements align with the planet’s daily cycles.

3.2.1 MEDA Sensors

The MEDA system is equipped with multiple sensors to study the Martian environment.
The WS has two detectors (WS1 and WS2) on separate booms to measure wind speed and
direction. The ATS includes five detectors, three on the RSM and two on the rover’s front
body to monitor temperature.

The TIRS measures thermal radiation from the surface and atmosphere, while the HS tracks
water vapor levels. The RDS measures solar radiation and dust presence, and the PS, located
inside the ICU, monitors atmospheric pressure (Rodriguez-Manfredi et al. 2021).

Radiation and Dust sensor

The Radiation and Dust sensor, as shown in Figure 3.1, is mounted on the rover top deck and
comprises eight upward viewing UV photodetectors, eight lateral viewing UV photodiodes,
a reference dark-current photodiode, and an upward looking camera. The signals coming
from these photodiodes and thermopiles will be routed to the ICU to be conditioned and
digitized inside the ICU. The ICU will also control the camera through its power and data
interfaces (Rodriguez-Manfredi et al. 2021).

Figure 3.1: RDS illustration from Rodriguez-Manfredi et al. 2021

The RDS sensor generates the following table shown in table 3.2:
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Table 3.2: Data generated by the RDS sensor from NASA Planetary Data
System (PDS) 2020.

LTST RDS_LAT_1_HG RDS_LAT_2_HG RDS_LAT_3_HG ...
0082 23:52:37 -0.000000000006817 -0.00008168 0.00006455 ...
0082 23:52:38 -0.000000000002725 -0.00005170 0.00005174 ...
0082 23:52:39 -0.000000000007199 -0.00008404 0.00005757 ...

The MEDA dataset provides the LTST time for each corresponding Martian SOL and the
timestamp referenced to Earth time. Additionally, the dataset includes multiple tables cor-
responding to the photodiodes mentioned in the sensor description. These tables will have
8 columns for the horizontal photodiodes and 8 columns for the vertical photodiodes. This
values are measured in W/m2 (Rodriguez-Manfredi et al. 2021).

Thermal-Infrared Radiation Sensor

The TIRS is also mounted on the RSM and it is composed of 5 thermopiles pointing upward
and downward to measure different ground and atmosphere temperatures in different infrared
bands and the solar radiation reflected on the ground (albedo) as shown in figure 3.2.

Figure 3.2: TIRS illustration from Rodriguez-Manfredi et al. 2021

The TIRS sensor generates the following table shown in table 3.3:

Table 3.3: Data generated by the TIRS sensor from NASA Planetary Data
System (PDS) 2020.

LTST AIR_TEMP GROUND_TEMP
0082 23:52:37 207.36 202.77
0082 23:52:38 207.79 202.75
0082 23:52:39 207.20 202.69

The table 3.3 includes the SOL, which has been previously referenced, as well as two ad-
ditional columns - one displaying the air temperature and the other exhibiting the ground
temperature. These measurements are recorded in Kelvin (Rodriguez-Manfredi et al. 2021).

Wind Sensor

The wind sensors are housed in two small Booms structures mounted orthogonal to the
RSM of the Rover. Each Boom provides 6 wind sensor transducer boards on the head of
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the main boom cylinder. Booms include front-end mixed ASIC to condition and acquire the
data from the wind sensors and to communicate serially with the ICU.

Figure 3.3: Wind Sensor illustration from Rodriguez-Manfredi et al. 2021

In figure 3.3 shown design concept of sensor where green plates are the wind sensor trans-
ducer boards.

The Wind Sensor generates the following table shown in table 3.4:

Table 3.4: Data generated by the Wind sensor from NASA Planetary Data
System (PDS) 2020.

LTST HORIZ_WIND_SPEED VERTI_WIND_SPEED WIND_DIRECTION
0082 23:52:37 6.61 287.16
0082 23:52:38 5.83 287.16
0082 23:52:39 5.88 287.16

The table 3.4 contains the SOL, which has been mentioned earlier, along with three further
columns. These additional columns provide the horizontal wind speed, the vertical wind
speed, and the wind direction. The wind speed measurements are in m/s, and the wind
direction is in degrees (Rodriguez-Manfredi et al. 2021).

Pressure Sensor

The pressure sensor is mounted in conjunction with the Instrument Control Unit analog
module, but it also utilizes a dedicated conduit to interface with the external Martian envi-
ronment. This conduit traverses through the ICU base plate, the RAMP, and terminates in
a cavity within the rover’s top deck. The aperture is safeguarded against dust intrusion and
for planetary protection purposes by a cover affixed to the rover’s top deck.

The Pressure Sensor generates the following table shown in table 3.5:
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Figure 3.4: Pressure sensor illustration from Rodriguez-Manfredi et al. 2021

Table 3.5: Data generated by the Pressure sensor from NASA Planetary Data
System (PDS) 2020.

LTST PRESSURE
0082 23:52:37 758.18
0082 23:52:38 758.23
0082 23:52:39 758.20

The table 3.5 includes the SOL, as previously mentioned, and an additional column displaying
the atmospheric pressure. The pressure measurements are recorded in Pascals (Rodriguez-
Manfredi et al. 2021).

Humidity Sensor

The HS onboard Perseverance employs the Humicap® RSH045, which measures relative
humidity (0–100% RH) through changes in the capacitance of a humidity-sensitive poly-
mer as shown in Figure 3.5. This polymer reacts even when unpowered, enabling near-
instantaneous readings after activation. Compared to earlier models, such as the RS92
Humicap® used in the REMS instrument aboard Curiosity, the RSH045 provides significant
improvements: higher capacitance, up to nine times larger dynamic range, and an inte-
grated PT1000 platinum resistance thermometer, which ensures precise measurements of
the sensor chip temperature.

Figure 3.5: Humidity sensor illustration from Rodriguez-Manfredi et al. 2021
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The sensor’s performance is strongly temperature-dependent. At lower temperatures, its
response time increases considerably—for example, at –70 °C the response time is approx-
imately 450 seconds. Since the HS is constantly exposed to the Martian environment,
with temperatures ranging between about –90 °C and 10 °C, measurements at very low
temperatures represent an average over several minutes. Furthermore, because Humicap®
capacitance is affected by CO2, calibration must be performed under low-pressure CO2
conditions to ensure accuracy (Rodriguez-Manfredi et al. 2021).

The Humidity Sensor generates the following table shown in table 3.6:

Table 3.6: Data generated by the Humidity sensor from NASA Planetary
Data System (PDS) 2020.

LTST HUMIDITY
0926 23:52:37 2,015357142857143
0926 23:52:38 1,8348809523809524
0926 23:52:39 1,8536666666666664

The table 3.6 includes SOL, as mentioned earlier, and an additional column displaying hu-
midity. Humidity measurements are recorded as a percentage.

3.2.2 Data Processing and Integration

To ensure a comprehensive and accurate analysis of the data, it will be necessary to merge
the datasets from all sensors into a unified dataset. This integration will be performed
using the LTST column as the key for joining, as it serves as a common reference point
across the different datasets. By aligning the data in this way, we can ensure that all sensor
measurements are properly synchronized and analyzed collectively.

For the RDS sensor data, a more refined approach will be applied to derive a value that is
as close as possible to the actual measurement. Specifically, we will calculate an average
of the sensor readings horizontally, which we will refer to as α. This value will be assigned
a weight of 0.4 to reflect its relative importance. In addition, we will calculate a vertical
average of the data, referred to as β, which will carry a weight of 0.6. These weights are
chosen to prioritize the vertical average slightly more than the horizontal one, based on the
characteristics of the sensor data.

The final value, RDST , will then be calculated by combining these two weighted averages,
using the formula:

RDST = α ∗ 0.4 + β ∗ 0.6

This method ensures that the resulting value incorporates both dimensions of the data in a
balanced way, leading to a more reliable representation of the actual sensor readings.

3.3 Data Protection, Security and Ethics

Maintaining ethical and secure data practices is paramount, particularly in research endeav-
ors that simulate real-world systems. While this project utilizes artificially generated data
modeled after the Mars Environmental Dynamics Analyzer from NASA’s Perseverance rover,
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it is crucial to align all data management practices with ethical and legal frameworks, such
as the Artificial Intelligence Act of the European Union.

The dataset in this project does not contain personal or identifiable information. It consists
entirely of simulated data designed to replicate scenarios in unknown terrain exploration.

This includes:

• Terrain mapping: Coordinates and environmental features.

• Simulated sensor readings: Data from LIDAR, proximity sensors, and environmental
conditions.

• Agent activity logs: Trajectories, decisions, and exploration history.

Even though the data is fully artificial, the project adopts best practices in data protection to
maintain transparency and ethical standards, ensuring compliance with the AIA’s principles
of responsible AI development.

3.3.1 Compliance with the Artificial Intelligence Act

The AIA sets stringent guidelines for AI systems, particularly those classified as high-risk,
to ensure transparency, safety, and respect for fundamental rights. To comply with these
regulations:

In Data Minimization, the dataset is carefully designed to include only the information nec-
essary for the simulation and RL training. Any irrelevant or excessive data is excluded.

In Transparency the methodology for generating and using the dataset is clearly documented,
with any limitations or uncertainties openly discussed to maintain transparency throughout
the research process.

In Purpose Limitation the data is exclusively used for training and validating the multi-agent
system for exploration. There is no repurposing of data, adhering to the AIA’s principle of
purpose limitation.

In last point, Controlled Environment all experiments are conducted in a secure, virtual
simulation environment, ensuring there is no risk of impacting external systems or handling
sensitive data.

3.3.2 Data Security and Ethical Considerations

Although the dataset used in this project is entirely simulated, it is handled with the same
ethical care and rigor as real-world data. To ensure responsible data management, the
project incorporates Privacy by Design principles, embedding data protection measures into
every stage of development. All data is securely stored, with access restricted to authorized
team members, and the dataset, along with the algorithms, is shared transparently to allow
other researchers to replicate and validate the findings.

Beyond the technical implementation, this project recognizes the broader ethical and societal
implications of applying AI to real-world scenarios like planetary exploration. By adhering to
ethical and legal standards, the research ensures that its contributions are not only scientif-
ically innovative but also trustworthy, fostering responsible AI applications in other critical
and challenging domains.
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This project demonstrates a strong commitment to ethical standards and compliance with
the Artificial Intelligence Act. Through practices like data minimization, transparency, and
secure handling, it ensures that the research is both robust and responsible. By prioritizing
ethical data management, the project reinforces the credibility of its results and sets an
example for future studies exploring the use of AI in extreme and innovative environments.

3.4 Experimentation

This section presents a comprehensive description of the experimental setup, detailing the
simulation environment, agent strategies and the performance metrics used to evaluate the
system. The overall pipeline of the project is illustrated in Figure 3.6.

Figure 3.6: Pipeline diagram

Prior to practical implementation, a conceptual pipeline was defined to guide the organisation
of the experimental process. The pipeline establishes a clear logical sequence between the
system modules, ensuring methodological consistency and providing a solid foundation for
the implementation phase.

The process begins with Forecast Model Development, which is responsible for preparing
predictive models based on environmental data from the MEDA instrument. This module
encompasses data collection, exploratory data analysis, and the development of predictive
models capable of identifying climatic patterns that are relevant to the simulation.

Outputs from the forecasting module are integrated into the Climate and Time Managers,
which serve as the environmental management layer. This component enables the simulation
of typical Martian adverse events (e.g. dust storms and seasonal variations) and handles
SOL’s, thus ensuring temporal coherence within the simulated environment.
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Subsequently, the Multi-Agent System module defines the coordination logic for virtual
robots. It specifies agent classes (such as explorers and transporters), establishes commu-
nication protocols, and implements mechanisms for cooperation and competition. This ar-
rangement permits the simulation of emergent behaviours and the evaluation of multi-agent
coordination strategies prior to their deployment in the simulator.

Finally, the Environment Simulation module provides the integrated virtual space in which all
components operate. The environment is modelled on a two-dimensional grid representing
the Jezero Crater surface and supports the introduction of obstacles, samples, and hetero-
geneous terrain. At this stage, agents interact with the environment, execute exploration
and transport tasks, and the system records performance metrics for subsequent analysis.

Together, these four modules constitute an experimental pipeline that underpins the practical
implementation. This modular approach facilitates validation of inter-component dependen-
cies, anticipates potential limitations, and enables the definition of consistent evaluation
metrics for simulator testing.

3.4.1 Simulation Environment Setup

The simulation is implemented in Python and features a high-resolution grid to replicate
a realistic Martian terrain. Each cell in the grid is enriched with multiple environmental
attributes, including radiation, wind, temperature, and crater presence, among others. The
environment dynamically adjusts these attributes based on predefined models and real-time
interactions with agents. A neural network, trained on the MEDA dataset, is employed to
predict the state of adjacent cells, enabling smooth transitions and realistic environmental
dynamics. Additionally, the simulation incorporates adverse event managers, such as dust
storms and solar radiation events, to challenge agent strategies and enhance realism.

3.4.2 Agent Strategies and Implementation

Two classes of agents are proposed to interact with the simulation: explorers and trans-
porters. The descriptions below present high-level roles and intended behaviours; specific
algorithms or sensor models will be selected during implementation and are therefore de-
scribed here at a conceptual level.

• Explorer Agents: Explorer agents are intended to traverse the simulated terrain to
identify points of interest and incrementally build an environmental map. Their be-
haviour focuses on systematic coverage, obstacle avoidance, and local sensing to up-
date the shared map. Explorers will also include simple safety behaviours to retreat or
seek shelter when environmental hazards are detected.

• Transporter Agents: Transporter agents are responsible for collecting identified sam-
ples and delivering them to a designated base or depot. Their behaviour will prioritise
reliable navigation and dynamic task assignment, adapting routes and priorities as new
tasks arise or conditions change. Transporters will follow safety constraints during
adverse events and defer or reroute operations as needed.
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Chapter 4

Implementation and Analysis

This chapter describes the implementation and evaluation of the proposed multi-agent ex-
ploration and sample-retrieval system within a possible Martian simulation. It outlines the
construction of the simulated environment and the preparation of observational data used
to drive it, the design of autonomous agent behaviours and coordination mechanisms, and
the experimental protocol adopted to assess system performance. Emphasis is placed on
how the components interact in operation — from local sensing and task generation to
coordinated task allocation and emergency response — and on the metrics used to quantify
effectiveness, robustness and adaptability.

4.1 Understand and pre-processing the data

The first step towards a realistic simulation is to characterise the available observational data.
For this purpose, the MEDA dataset referenced in Chapter 3.2 was adopted. The dataset,
provided via the Planetary Data System, comprises meteorological measurements from Mars,
including temperature, pressure and wind speed among other variables. The sample shown
in Table 4.1 was assembled by aggregating multiple CSV files from the instrument sensors
into a single consolidated file for subsequent processing.

Table 4.1: Example of simulated environmental data

SOL TIME AIR
TEMP

GROUND
TEMP

PRESS-
URE

LOCAL
RELATIVE
HUMIDITY

RDS_T
HORIZON-
TAL WIND
SPEED

1 15:25:00 12.66 -82.03 715.83 – 7.86 –
1 15:30:00 5.92 -83.31 715.62 – 7.69 –
1 15:35:00 – – 715.33 – 7.35 –
1 15:40:00 – – 715.21 – 7.04 –
1 15:45:00 – – 715.02 – 6.74 –

A preliminary inspection of the dataset revealed substantial missing values. To quantify
data completeness we computed feature-wise statistics summarised in Table 4.2, which
reports the total count, number of missing entries, percentage missing, and data type for
each variable. The horizontal wind speed variable exhibits the highest proportion of missing
values (approximately 84%), while most remaining variables show missingness below 10%.
Although a variable with such a high fraction of missing data might typically be discarded,
wind speed was retained because of its relevance to the simulation scenarios and will be
addressed during preprocessing.
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Table 4.2: Descriptive statistics on the quality of environmental data

FEATURE COUNT MISSING
MISSING
PCT (%) DTYPE

SOL 192131 0 0.00 int64
AIR_TEMP 188918 3213 1.67 float64
GROUND_TEMP 188910 3221 1.68 float64
PRESSURE 190532 1599 0.83 float64
LOCAL_RELATIVE_HUMIDITY 179366 12765 6.64 float64
RDS_T 191018 1113 0.58 float64
HORIZONTAL_WIND_SPEED 29797 162334 84.49 float64

In the context of the simulation, the initially available variables did not provide a clear
temporal reference, which is essential for analysing patterns and behaviour across different
phases of the Martian environment. To address this limitation, a relative time variable
denoted SEASON was introduced to categorise events according to Martian seasons.

Figure 4.1: Martian seasons in terms of solar longitude (Ls). Image credit:
NASA/JPL-Caltech

Season assignment was based on the LS as shown in figure 4.1, an astronomical parameter
that denotes Mars’ orbital position along its elliptical path around the Sun.

Then we have the Skyfield library, developed in Python, is a tool designed for high-precision
astronomical calculations. It enables the determination of the positions of planets, stars,
artificial satellites, and other celestial bodies at different points in time, making use of
ephemeris data provided by the JPL of NASA.

In comparison with earlier libraries, such as PyEphem, Skyfield stands out for its greater
accuracy and flexibility in handling astronomical coordinate systems, as well as for its support
of Two-Line Element orbital data. Owing to its integration with libraries such as NumPy,
it offers efficiency in computations, with applications ranging from amateur astronomy to
scientific research.
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Thus, Skyfield constitutes an accessible and reliable solution for the simulation and analysis
of astronomical phenomena in both academic and professional contexts.

The computation of LS relies on accurate ephemerides (e.g. the de421.bsp file) and
was implemented using the Skyfield library, which is widely used for precise astronomical
calculations.

Math formula:
LS = ν + ω

Where:

• ν is the true anomaly, computed from the mean anomaly (M) and the orbital eccen-
tricity (e) by solving Kepler’s equation.

• ω is the argument of perihelion, which specifies the orientation of the elliptical orbit
in space.

Season assignment is performed according to intervals of LS, as summarised in Table 4.3.
For instance, Spring corresponds to 0◦ ≤ LS < 90◦, Summer to 90◦ ≤ LS < 180◦, and so
on.

Table 4.3: LS values per SOL in the Spring season

SOL SEASON LS
1 Spring 5.41
2 Spring 5.41
3 Spring 5.42
4 Spring 5.42
5 Spring 5.42
6 Spring 5.42
7 Spring 5.42
8 Spring 5.43
9 Spring 5.43

Table 4.3 reports the LS values for the initial SOLs of Martian year 36, corresponding to the
early phase of the Perseverance mission. The Martian calendar was used as a reference Turun
Ursa 2021 to map seasons and the associated days, enabling the extrapolation of LS values
to subsequent SOLs.

In addition, Table 4.4 lists the dates of equinoxes and solstices for Martian years 36 through
40, based on astronomical calculations Cantor, James, and Calvin 2010. These dates are es-
sential for correlating observed climatic events and environmental patterns with the different
phases of the Martian year.

Based on these tables and calculations, the SEASON variable was integrated into the sim-
ulation model, enabling a more detailed and context-aware analysis of Martian climatic and
environmental patterns.

4.1.1 Exploratory Data Analysis of MEDA dataset

With the primary dataset consolidated, we proceeded to perform a focused exploratory data
analysis. This step aims to characterise the available measurements, identify their statistical
properties, and assess their suitability for simulation-driven experiments. The figures below
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Table 4.4: Dates of equinoxes and solstices during Martian years 36 to
40 Cantor, James, and Calvin 2010

Martian Year Spring Equinox
(LS = 0◦)

Summer Sol-
stice
(LS = 90◦)

Autumn
Equinox
(LS = 180◦)

Winter Sol-
stice
(LS = 270◦)

36 02-07-2021 25-08-2021 24-02-2022 21-07-2022
37 26-12-2022 12-07-2023 12-01-2024 07-06-2024
38 12-11-2024 29-05-2025 29-11-2025 25-04-2026
39 30-09-2026 16-04-2027 17-10-2027 12-03-2028
40 17-08-2028 03-03-2029 03-09-2029 28-01-2030

illustrate the main visualisations used to examine the data distribution, detect anomalies,
and inform preprocessing choices for the simulation model.

We begin with a correlation plot that highlights pairwise linear relationships among variables
and helps to identify which measurements are strongly associated.

Figure 4.2: Pearson correlation matrix of the MEDA dataset
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The correlation matrix provides in Figure 4.2 a quantitative assessment of linear interde-
pendencies among the meteorological variables measured on Mars. Pearson’s correlation
coefficient was used as the metric, ranging from -1 to 1. Positive coefficients near 1 indi-
cate a strong direct linear relationship, while negative coefficients near -1 indicate a strong
inverse relationship. Values close to zero suggest little or no linear dependence between the
variables.

A strong positive correlation is observed between AIR_TEMP_C (air temperature) and GROUND_
TEMP_C (surface temperature), with a Pearson coefficient of 0.81. This result aligns with
expected thermal behaviour on Mars, where incident solar radiation simultaneously warms
the surface and the lower atmospheric layers. Although the Martian atmosphere is thin and
primarily composed of carbon dioxide, conductive and radiative heat exchange between the
ground and the air still occurs and can account for this elevated correlation.

GROUND_TEMP_C also shows an even higher correlation with RDS_T (0.87), which is plausibly
associated with surface thermal radiation or heat flux from the ground. This suggests that
RDS_T captures a thermal component that depends directly on surface temperature, as would
be expected in an environment with low atmospheric thermal inertia.

There is also a notable positive correlation between AIR_TEMP_C and HORIZONTAL_WIND_
SPEED (0.73). On Mars, wind patterns are strongly modulated by thermal gradients arising
from uneven solar heating, particularly near the terminator (the day–night boundary). The
positive association indicates that higher air temperatures tend to coincide with increased
wind speeds, consistent with mesoscale circulation patterns at mid-latitudes and equatorial
regions.

Conversely, AIR_TEMP_C and GROUND_TEMP_C exhibit moderate negative correlations with
LOCAL_RELATIVE_HUMIDITY (-0.56 and -0.54, respectively). Although Martian relative hu-
midity is extremely low compared to Earth, localized fluctuations do occur, notably in polar
regions and during certain seasonal intervals. The inverse relationship between temperature
and relative humidity mirrors terrestrial behaviour: warmer air retains proportionally less
relative humidity when absolute water vapour content remains similar.

Additionally, HORIZONTAL_WIND_SPEED shows a moderate negative correlation with LOCAL_
RELATIVE_HUMIDITY (-0.45) and a weak positive correlation with RDS_T (0.44). These as-
sociations may be explained by advective transport and surface heating processes associated
with the movement of dry air masses, phenomena that are particularly relevant in regions
subject to dust storms or strong topographic gradients.

In Figure 4.3 we present the distributions and boxplots for the dataset variables. Both air and
surface temperatures exhibit right-skewed distributions, indicating that most observations
lie in markedly negative ranges, which is consistent with the established mean conditions
of the Martian surface. The occasional positive temperature readings, though infrequent,
are likely attributable to strong diurnal variations driven by direct solar exposure and the
surface’s low thermal inertia. Atmospheric pressure, in contrast, displays an approximately
symmetric distribution centred around 720 to 740 Pa, reflecting Mars’ tenuous atmosphere
with a density of less than 1% that of Earth’s. This relative pressure stability suggests
that the measurements were obtained under broadly consistent topographic and seasonal
conditions.
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Figure 4.3: Histograms and Boxplots of SOL, AIR_TEMP_C, GROUND_TEMP_C,
and PRESSURE

Continuing in Figure 4.4, the distributions reveal further insights into the dataset’s non-
Gaussian behaviour. The relative humidity variable exhibits a strongly right-skewed distribu-
tion with a pronounced concentration of values near zero, underscoring the arid character
of the Martian atmosphere. Nonetheless, occasional higher humidity readings—treated as
statistical outliers—suggest episodic events of localised condensation or transient increases
in water vapour, potentially linked to surface ice sublimation or nocturnal deposition.

Horizontal wind speed likewise follows an asymmetric distribution, concentrated at low values
(approximately 1–5 m/s), which is consistent with expectations given Mars’ low atmospheric
density. Higher recorded wind speeds appear as sporadic events and likely correspond to
intense gusts or transient phenomena such as dust devils, which are frequently detected by
optical and meteorological sensors.
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Figure 4.4: Histograms and Boxplots of SOL, LOCAL RELATIVE HUMIDITY,
RDS_T, HORIZONTAL WIND SPEED_T and LS

Of particular interest is the behaviour of RDS_T, the total radiative flux measured by the
RDS, which aggregates readings from multiple sub-sensors (e.g. RDS_1, RDS_2). The
distribution of RDS_T is characterised by a high frequency of low values and a long right-
hand tail of elevated measurements, indicating that incident radiation is often moderate or
low—likely a consequence of persistent atmospheric dust. The radiation peaks (appearing
as outliers in the boxplot) are plausibly associated with clear-sky intervals or seasonal events
such as the Martian perihelion, when the planet is closest to the Sun and incoming solar
flux attains maximum values. The pronounced skewness of RDS_T highlights substantial
variability in illumination conditions on Mars, making this variable particularly relevant for
studies of solar-panel performance, surface energy balance, and habitability.

Overall, the analysed data reflect the severe and highly variable nature of the Martian en-
vironment. The prevalent asymmetries across most variables emphasise the dominance
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of extreme states and the need for careful detection of anomalous observations, which can
have significant operational and scientific implications. Radiation, as quantified by RDS_T,
emerges as a critical factor for both habitability assessments and the integrity of techno-
logical systems on Mars; analysing it jointly with other meteorological variables can reveal
interaction patterns among dust, insolation, and atmospheric dynamics. The statistical anal-
ysis presented here contributes to a more robust understanding of Martian climate and to
the refinement of environmental models used in planning future exploration missions.

4.1.2 Imputing missing data under 10%

Building on the observations from the previous section, we proceeded with the implementa-
tion of a predictive model to simulate Martian conditions. Due to the presence of missing
values, however, the dataset required careful preprocessing to ensure the simulation would
be realistic.

To address missing data, two principal strategies were applied: imputation and interpolation.
For imputation we evaluated two distinct methods. First, the SimpleImputer, which replaces
missing values using simple statistical rules (mean, median, or most frequent value). Second,
a KNN imputer, which estimates missing entries by aggregating measurements from the
closest neighbours in feature space. This combination allowed us to compare basic and
more context-aware approaches for handling data absence.

Simple Imputer vs KNN Imputer

The SimpleImputer is a practical tool for handling missing values in datasets. It provides
several replacement strategies—such as mean, median, or most-frequent value—and the
choice of strategy should be guided by the data type and the analytic context.

Table 4.5: Pivot table of strategy configurations across environmental vari-
ables.

Strategy Config AIR_
TEMP_C

GROUND
_TEMP_C

LOCAL_
RELATIVE_
HUMIDITY

PRESSURE RDS_T

Constant
False 3453.319185 3182.238085 92.335335 505424.897483 50.496905
True 3453.319185 3182.238085 92.335335 505424.897483 50.496905

Mean
False 301.057775 849.904802 72.780684 3073.426756 32.580865
True 301.057775 849.904802 72.780684 3073.426756 32.580865

Median
False 310.004913 957.429243 88.370433 3432.344312 47.396345
True 310.004913 957.429243 88.370433 3432.344312 47.396345

Most Frequent
False 541.926354 1923.417973 92.335335 7709.839701 50.499531
True 541.926354 1923.417973 92.335335 7709.839701 50.499531

To fill missing values in the environmental variables we applied the SimpleImputer module
and evaluated several imputation strategies. In the first stage we used mean imputation
(strategy=’mean’), replacing missing entries with each variable’s mean. While this approach
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centres the data around a representative value, it tended to reduce the original variability
for skewed distributions.

Next, we applied median imputation (strategy=’median’), which proved more robust to
outliers and better preserved the distributional shape of variables with long tails. This
strategy was particularly suitable for features exhibiting pronounced skewness, although it
smoothed abrupt local transitions in some spatial regions.

We also tested mode imputation (strategy=’most_frequent’), which is especially effective
for discrete or categorical features such as wind orientation. However, mode imputation
produced repeated values across extended areas, decreasing local heterogeneity.

Finally, constant-value imputation (strategy=’constant’) was evaluated: missing entries were
replaced by a predefined constant. This method provided finer control over the imputation
impact and was useful to mark unknown or unexplored regions without substantially altering
the original data patterns.

Turning to the KNN Imputer:

The KNN imputer is an advanced, proximity-based method that uses the K-Nearest Neigh-
bours algorithm to estimate missing values from features of the nearest observations. By
exploiting similarity in feature space, the KNN approach provides a more context-aware and
potentially more accurate imputation.

Concretely, the KNN imputer replaces a missing entry with the (typically weighted) average
of the values of its k nearest neighbours, where k is an adjustable hyperparameter. Neigh-
bourhoods are commonly defined using the Euclidean distance, although alternative distance
metrics may be employed depending on the data characteristics and algorithm configuration.

Table 4.6 summarises the KNN imputer experiments conducted across different neighbour-
hood sizes (k = 2, 3, 4, 5, 7, 11, 15) and three neighbour-search algorithms: auto, brute
and ivfflat. The results exhibit substantial variation in imputation accuracy depending on
the chosen configuration. In general, smaller values of k combined with the ivfflat search
produced the lowest mean absolute errors across all variables, indicating better adherence
to local data structure.

For instance, ivfflat with k = 2 yielded markedly lower errors, particularly for air temperature
(≈ 0.95), relative humidity (≈ 0.30) and pressure (≈ 0.08). By contrast, larger neighbour-
hoods (e.g. k = 11 or 15) tended to increase error: with ivfflat and k = 15 the MAE for
air temperature exceeded 5.9, reflecting the loss of local specificity as more neighbours are
included.

Across all tested values of k, the auto and brute search strategies delivered very similar
performance, likely because both perform exact neighbour searches. The ivfflat method,
which uses approximate search, proved more efficient in our experiments, especially for
small k. This suggests that for datasets where local patterns are important for imputation,
approximate neighbour-search methods can offer a favourable trade-off between accuracy
and computational cost.

In summary, the KNN imputer’s hyperparameters—most notably the number of neighbours
and the search algorithm—substantially affect imputation quality. For datasets with pro-
nounced local structure, adopting small k values together with lightweight approximate
search algorithms such as ivfflat is recommended.
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Table 4.6: KNN Imputer Performance in Different Configurations

Algorithm AIR
TEMP
_C

GROUND
_TEMP
_C

LOCAL_RELA
TIVE
HUMIDITY

PRESSU
RE

RDS_T

Auto
auto_n11 5.040591 3.998186 1.886294 1.890220 0.262100
auto_n15 6.070184 3.751197 2.224172 2.028840 0.247970
auto_n2 3.234109 2.186726 0.852512 0.712185 0.097455
auto_n3 2.754043 2.111198 0.730058 0.559742 0.106265
auto_n4 2.392921 1.662882 0.652742 0.529638 0.131300
auto_n5 2.514762 1.868201 0.796934 0.571475 0.107769
auto_n7 2.830094 2.355307 1.046749 1.009967 0.145817

Brute
brute_n11 5.040591 3.998186 1.886294 1.890220 0.262100
brute_n15 6.070184 3.751197 2.224172 2.028840 0.247970
brute_n2 3.234109 2.186726 0.852512 0.712185 0.097455
brute_n3 2.754043 2.111198 0.730058 0.559742 0.106265
brute_n4 2.392921 1.662882 0.652742 0.529638 0.131300
brute_n5 2.514762 1.868201 0.796934 0.571475 0.107769
brute_n7 2.830094 2.355307 1.046749 1.009967 0.145817

IVFFlat
ivfflat_n11 4.595265 3.959454 1.670298 1.805002 0.256333
ivfflat_n15 5.933344 3.680331 2.277182 1.992149 0.246017
ivfflat_n2 0.953816 0.603522 0.300154 0.083241 0.029493
ivfflat_n3 1.121065 1.237252 0.383369 0.216152 0.078197
ivfflat_n4 1.306529 0.885863 0.450637 0.263015 0.103055
ivfflat_n5 1.814089 1.185088 0.643723 0.510092 0.095110
ivfflat_n7 2.698928 1.958164 0.995942 0.854773 0.141852

4.1.3 Imputing missing data above 10%

To handle missing values that exceed 10%, a different strategy was adopted because, given
the volume of absent entries, the previously evaluated imputers were not viable for reliably
filling those gaps. Since these variables are nevertheless important for the simulation, semi-
supervised approaches were implemented: one machine-learning model and one deep-learning
model, namely a VAE and a Random Forest.

The VAE is a generative model that learns a compact latent representation of the data and
can generate new samples that resemble the original observations. It comprises two principal
components: an encoder that maps input examples to a latent distribution, and a decoder
that reconstructs the inputs from samples drawn from that distribution. Training minimises a
combination of reconstruction loss (e.g. mean-squared error) and a regularisation term that
forces the latent distribution to approximate a standard normal distribution (the Kullback–
Leibler divergence). This structure allows the VAE to capture complex joint patterns in the
data and to synthesise plausible values for missing entries.

The Random Forest is an ensemble learning method based on decision trees. It constructs a
large number of trees during training and produces predictions by averaging the outputs of the
individual trees. Random forests are relatively robust to overfitting, handle heterogeneous
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data types well, and can accommodate missingness via surrogate splits or by operating on
subsets of features. For these reasons, the algorithm is a common, practical choice for
predictive imputation tasks.

Gradient Boosting VS Random Forest

This phase began with a preprocessing stage applied to the measurements collected by the
Perseverance rover in the Jezero crater. The primary objective was to ensure that the data
supplied to the semi-supervised learning algorithms had sufficient quality and structure for
reliable training.

Continuous features were subsequently subjected to normalization to place variables on
comparable scales and prevent attributes with large magnitudes from dominating model
behaviour. This step improves numerical stability and promotes faster, more consistent
convergence during optimization.

For the semi-supervised workflow, the dataset was partitioned into three disjoint subsets:

• Labeled training set: a small fraction of the data containing the known target values.

• Unlabeled training set: the majority of the observations, for which target values were
masked to simulate limited supervision.

• Test set: held out for final evaluation to ensure that validation metrics reflect gener-
alisation to unseen data.

Splits were performed in a stratified manner to preserve the marginal distribution of target
variables across subsets. We also parametrised the proportion of labeled data available during
training to assess how the amount of supervision affects model performance.

The data were organised into mini-batches suitable for semi-supervised training, allowing
joint processing of labeled and unlabeled examples during each optimization step.

We employed a Random Forest regressor to predict horizontal wind speed from the available
meteorological features and performed a targeted hyperparameter search to identify high-
performing configurations. The search considered n_estimators in [10, 80], max_features
in [0.3, 0.9], min_samples_split in [2, 10], min_samples_leaf in [1, 4], and different
numbers of bins (n_bins) for discretising continuous variables: 8, 16, 32, 64, 128. We
observed a consistent reduction in MSE when increasing both the number of bins and the
number of trees, indicating that configurations with higher model capacity and finer feature
discretisation tended to yield better predictive performance. The best results were obtained
with 80 estimators, max_features=0.5, min_samples_split=5, min_samples_leaf=2
and n_bins=128, suggesting that the model is sensitive to parametrisation and benefits
from careful tuning even in partially labeled scenarios.

The VAE model was developed to improve prediction of horizontal wind speed by leveraging
all available meteorological variables. We implemented a compact architecture consisting
of a single hidden layer in both the encoder and the decoder, each with 32 neurons and
Tanh activations to promote numerical stability. The latent dimensionality was fixed at
16 to reduce overfitting. The loss combined a reconstruction term MSE with the KL
divergence; however, the KL term was heavily down-weighted using β = 0.0001, yielding
behaviour closer to a traditional autoencoder. An additional penalty was applied to the
reconstruction error of the target variable to encourage the model to prioritise accurate
prediction of wind speed. Training used a small learning rate (1 × 10−4), a batch size of

43



Chapter 4. Implementation and Analysis

64, and early stopping with a patience of 20 epochs. Despite these optimisation efforts,
the VAE’s predictive performance was unsatisfactory: it produced R2 = −0.1023 and MAE
= 0.1376 on the target variable. These results suggest that, although the model improved
general reconstruction over training, it failed to capture the specific temporal and cross-
variable patterns required for reliable prediction—possibly due to limitations in the latent
representation or the intrinsic complexity of the data.

4.2 Training the Weather model of Mars

With missing values imputed, the next stage consisted of training predictive models to sim-
ulate Martian weather conditions. Recent literature on terrestrial weather forecasting (e.g.
Reichstein et al. 2019; Habib et al. 2025) indicates that neural network architectures perform
well on such tasks. Accordingly, we implemented and compared two deep models: LSTM,
widely used for time-series forecasting, and N-BEATS, a more recent architecture that has
shown competitive results in forecasting benchmarks. Both models were developed using
the PyTorch framework and were configured to address the particularities of the Martian
meteorological dataset.

Data preparation began with loading the imputed dataset and separating features into numer-
ical and categorical types. Target variables—those the models are required to predict—were
explicitly isolated from input features. Observations were ordered by the SOL column to
preserve temporal coherence.

A temporal split was adopted: 90% of the data for training and validation and 10% held
out for testing. This chronological holdout prevents leakage of future information into past
observations, which is essential for valid time-series evaluation. Remaining missing values (if
any) were handled using forward-fill followed by backward-fill to guarantee complete records
for training.

This holdout approach refers to the practice of setting aside a portion of the dataset that
is not exposed to the model during training, thereby serving as an unbiased benchmark to
assess the model’s generalization performance on unseen data.

Numerical features were standardised using StandardScaler to zero mean and unit variance;
categorical features were encoded with one-hot encoding (dropping the first category to
avoid collinearity). Crucially, all preprocessing transformers were fit only on the training split
to avoid information leakage.

We then applied a sliding-window transformation to create supervised examples: each input
sample comprised a lookback window of 72 time steps and the corresponding target(s) for the
subsequent horizon. The resulting pairs were converted into PyTorch tensors and organised
into Dataset and DataLoader objects for efficient batched training (train, validation and
test).

This pipeline ensures statistically sound and computationally efficient data preparation, pre-
serving essential temporal structure and providing a fair basis for comparing the LSTM and
N-BEATS architectures.

4.2.1 N-BEATS

The N-BEATS model consists of a deep neural network architecture dedicated to univariate
time series forecasting, as proposed by Oreshkin et al. 2019. The central proposition is
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to demonstrate that densely connected layers, when organised in an appropriate residual
topology, are capable of competing with, and even surpassing, traditional approaches based
on statistical components such as ARIMA or Holt-Winters. Given a vector of historical
observations y1, . . . , yT , N-BEATS generates point forecasts for a horizon H, defined as:

ŷT+1, ŷT+2, . . . , ŷT+H (4.1)

without requiring any pre-specification of statistical model, manual feature extraction, or
elaboration of time series-specific parameters.

Each processing unit, termed a block, receives as input a lookback vector x ℓ and simultane-
ously produces an estimate of reconstruction of this same history (backcast) and a partial
contribution to the future forecast (forecast), denoted respectively by:

x̂ ℓ (backcast) ŷ ℓ (forecast) (4.2)

Internally, the block employs a sequence of fully-connected layers interspersed with ReLU
activation functions to estimate expansion coefficients, which are then combined by basis
layers — parameters that can be learned or pre-defined — resulting in the above vectors.

The architecture adopts a double residual stacking. At each block, the estimated backcast
is subtracted from the input signal to ensure that subsequent blocks focus only on the
unexplained components:

x ℓ+1 = x ℓ − x̂ ℓ (4.3)

The partial forecasts, in turn, are cumulatively summed to form the model’s final forecast:

ŷ =
∑
ℓ

ŷ ℓ (4.4)

This organisation favours gradient flow during training and endows the model with the
capacity for progressive refinement of forecasts.

To provide interpretability to the process, the extended version of N-BEATS explicitly sep-
arates trend and seasonality components in two distinct stacks. The trend stack uses
low-degree polynomial bases:

gtrend(θ
f ) =

d∑
i=0

θfi t
i (4.5)

allowing the model to fit smooth curves over time. The seasonality stack, on the other
hand, employs Fourier functions, modelling cyclic patterns through sines and cosines:

gseason(θ
f ) =

d∑
i=1

θ
(s)
i cos

(
2πit

H

)
+ θ

(c)
i sin

(
2πit

H

)
(4.6)
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The output of the trend stack is removed before entering the seasonality stack, so that each
component is estimated in isolation and, when combined, reproduce the global forecast. This
decomposition reflects a direct analogy with classical time series methodologies, yet achieved
through deep learning.

Additionally, N-BEATS achieves high levels of robustness and accuracy through an ensemble
of model instances, differentiated by optimization metrics (such as sMAPE, MASE and
MAPE), varied input window lengths (typically between 2H and 7H), and multiple random
initializations. The final aggregation of forecasts is done through the median of the individual
results:

ŷfinal = median (ŷ1, ŷ2, . . . , ŷM) (4.7)

where M is the number of models in the ensemble. In the M3, M4, and TOURISM bench-
marks, this strategy provided gains of up to 11% compared to the reference statistical meth-
ods. Thus, N-BEATS sets a new standard for univariate time series forecasting, combining
architectural simplicity, application flexibility, and the possibility of interpreting classical com-
ponents (Oreshkin et al. 2019).

Implementation of N-BEATS

In Figure 4.5 we have an architecture composed of several sequential blocks. Each block con-
tains linear layers followed by ReLU and Dropout, and generates two outputs: the backcast,
which is subtracted from the input to produce a residue, and the forecast, which contributes
to the final prediction. The residue is passed to the next block, allowing each block to focus
only on the part of the information not yet explained. In the end, all partial predictions are
summed, resulting in the final output of the model.

After several trainings it was noticed that the version in figure 4.5 was not capturing the
patterns well, so an enhanced version was developed. The version used in the project is a
custom adaptation called EnhancedNBeatsNet, composed of multiple stacked blocks, each
responsible for generating predictions and correcting the residues from the previous step.
Each block (EnhancedNBeatsBlock) has a series of linear layers interleaved with ReLU
activation functions and dropout layers, aiming to capture nonlinear patterns and prevent
overfitting. Internally, each block performs two main operations: a forecast and a backcast,
so that the residuals between the previous outputs and the backcasts are used as input for
the following blocks. At the end of the network, the forecasts from all blocks are summed,
forming the final output of the model, as shown in Figure 4.6.

Everything starts with the input vector, which contains the observations of a temporal win-
dow. This vector is forwarded to the first block, where it goes through a sequence of
operations that combine linear transformations, normalization (LayerNorm), ReLU activa-
tion, and Dropout. This combination of operations allows the model to learn nonlinear
relationships stably while reducing the risk of overfitting.

Each block generates two distinct results. The first is the backcast, which seeks to recon-
struct the already known part of the time series. This reconstruction is used to update the
residual, that is, the difference between the original input and the block reconstruction. The
updated residual moves on to the next block, so that each block learns to deal only with
information that previous blocks might not have captured. The second output is the fore-
cast, which corresponds to a partial prediction for the future. Unlike the backcast, this does
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Figure 4.5: N-BEATS Architecture with (Linear, ReLU, and Dropout)

not interfere with the residual: all forecasts are accumulated and added together, resulting
in the network’s final forecast.

The vertical representation of the diagram helps to visualize this iterative process: from top
to bottom, the information successively traverses the blocks, being refined at each step. In
each of them, the backcast helps to reduce the error and the forecast adds a contribution
to the global prediction. In the end, the sum of the individual forecasts generates an output
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Figure 4.6: Enhanced N-BEATS Architecture with (Linear, LayerNorm,
ReLU, and Dropout)

that combines the information from all the blocks.

The distinctive feature of this architecture lies precisely in this double mechanism: while the
backcast ensures that the blocks do not merely repeat what has already been learned, the
forecast allows each block to add its own perspective to the final prediction. In the Enhanced
version, the introduction of Layer Normalization and Dropout reinforces the model’s robust-
ness, allowing it to generalize better in complex and highly variable contexts, as occurs in
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environmental time series.

Thus, the diagram not only represents the passage of data through the network, but also il-
lustrates the central philosophy of N-BEATS: a process of successive decomposition and
reconstruction, where each block cooperatively contributes to a more accurate and in-
formed final prediction. The hyperparameters used for N-BEATS were adjusted to the
context of Martian simulation. The model receives as input temporal sequences of 120
steps (corresponding at 5m), and predicts the next 1 step. Each input is flattened to a
one-dimensional vector, respecting the format required by the architecture. Ten blocks were
defined (num_blocks=10), with three layers per block (layers_per_block=3) and a hidden
dimension of 256 neurons. The model was trained for up to 1000 epochs, with an initial
learning rate of 1 × 10−3 and L2 regularization via weight decay of 1 × 10−6. To mitigate
overfitting and accelerate convergence, early stopping was employed with a patience of 10
epochs, and adaptive learning rate reduction with ReduceLROnPlateau.

After changing the architecture, it was identified that the model retained several errors in the
next prediction and biased the result in the long term. Based on the article Wilson 2016, it
was seen that this is normal in autoregressive models, so a clipping was added that basically
restricts the prediction from going to maximum or minimum numbers of the interval, but
even so it did not solve the problem. Then, a retraining of the model was performed with
Gaussian noise in the main variables, and it was noticed that there was no longer such a
margin of error while also maintaining good accuracy regarding the main dataset.

It was retrained again because the model with a 24(2h) sequence window was not capturing
the patterns well, so it was trained with 120(10h) and thus showed better patterns in all
variables.

4.2.2 LSTM

The LSTM architecture, proposed by Hochreiter and Schmidhuber 1997, was developed to
address a fundamental limitation of classical recurrent networks: the difficulty of learning
long-term dependencies due to the vanishing and exploding gradient problem. In algorithms
such as Backpropagation Through Time or Real-Time Recurrent Learning, the error signal
propagated through time tends to decay exponentially, which compromises the learning of
correlations between distant events in the sequence.

To mitigate this problem, LSTM introduces a new memory unit — called a cell — that
maintains an internal state controlled by multiplicative gates that regulate the flow of in-
formation. The central principle is to allow the gradient to flow consistently through the
structure known as the Constant Error Carousel, preventing it from vanishing over time.

The architecture of the memory cell is composed of three main gates:

• Input gate: controls the extent to which new values update the cell state.

• Forget gate (introduced later): regulates the proportion of the previous state that
should be retained.

• Output gate: decides how much of the internal state is revealed as output.

Formally, the internal state of the cell ct is updated as follows:

ct = ct−1 + it · g(xt) (4.8)
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where it represents the activation of the input gate and g(·) is an activation function (e.g.,
hyperbolic tangent). The cell’s output is then modulated by the output gate:

ht = ot · h(ct) (4.9)

where ot is the activation of the output gate and h(·) is another activation function (often
the hyperbolic tangent).

Each gate it , ot (and eventually the forget gate ft) is calculated as:

it = σ(Wixxt +Wihht−1 + bi) (4.10)

ot = σ(Woxxt +Wohht−1 + bo) (4.11)

The presence of these gates allows the network to learn when to store information, when to
erase it, and when to expose it, which has proven essential for tasks involving long temporal
lags. By keeping the backpropagation of errors intact over time, even with intervals exceeding
1000 steps, LSTM overcomes critical limitations of previous methods.

Furthermore, experiments have shown that LSTM is capable of solving tasks with long
temporal lags and noisy signals that were not solvable by standard recurrent networks. These
tasks include synthetic problems like the adding problem, learning temporal grammars, and
series with noise and nonlinear dependencies.

Therefore, LSTM has become a milestone in sequence modeling, being the foundation for
modern advances in areas such as speech recognition, machine translation, and natural
language modeling (Hochreiter and Schmidhuber 1997).

Implementation of LSTM

The implementation of the LSTM model was carried out using the PyTorch library, allowing a
flexible and efficient construction of the network architecture. The model was encapsulated
in a custom class, where the network structure is composed of a sequence of three stacked
LSTM layers (num_layers=3) with hidden_size=128, and default tanh activation. The
LSTM layers were configured with batch_first=True, ensuring that the batch dimension
is first, facilitating compatibility with the tensors processed by the DataLoader used as we
can see in Figure 4.7.

At the end of the recurrent layers, the outputs from the last temporal step of the sequence
are extracted and passed through a fully connected linear layer (nn.Linear) that performs
the final projection to the target variables. The number of units in this layer corresponds
to the number of meteorological variables predicted, i.e., five simultaneous outputs per
prediction time.

During training, the model receives as input three-dimensional tensors of shape (batch_size,
sequence_length, num_features). The chosen loss function was the mean squared error
(MSELoss), a standard metric for regression in time series, being sensitive to larger devia-
tions. For optimization, the Adam optimizer was used, with a learning rate of 5e-4 and
weight_decay=1e-5, configured to prevent overfitting. In addition, gradient clipping was
applied with a limit of 1.0, which prevents the explosion of gradients along the LSTM layers.
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Figure 4.7: LSTM Architecture

4.3 Climate Managers Implementation

In addition to the meteorological variables implemented in Chapter 4.2, a subsystem was
developed to generate extreme weather events. Examples include dust storms—common
on Mars—and SEP events, which are solar eruptions capable of substantially altering the
radiation environment at the Martian surface.

These events are simulated because they can disrupt rover operations, compromise scientific
sampling activities, and pose risks to mission safety.

4.3.1 Solar Energetic Particles

SEP’s are sporadic eruptive events that consist of energetic particles accelerated in the
vicinity of the Sun. These storms are primarily composed of protons, but also include
electrons and heavier ions, with energies ranging from a few keV to several hundred MeV,
and occasionally even up to a few GeV. During these events, SEP fluxes can reach intensities
significantly higher compared to Galactic Cosmic Rays, which are another omnipresent source
of radiation in deep space. The frequency of SEP events is higher during solar maximum
(Löwe et al. 2025).
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Regarding rovers and space structures, spacecraft systems in Mars missions are also exposed
to elevated radiation levels. The RAD, an instrument installed on the "Curiosity" rover of
the MSL, was designed to measure the radiation environment, including SEP events, both
in deep space and on the Martian surface. Since its launch, the MSL/RAD has detected 5
SEP events during the flight to Mars and 17 since its landing. Although the sources do not
explicitly detail the specific damages caused to the electronic components of the rovers, the
need to optimise shielding materials in spacecraft and space suits against radiation and the
fact that systems are continuously exposed to high levels of radiation imply that radiation
can adversely affect the functionality and longevity of unshielded equipment and structures
(Löwe et al. 2025).

To mitigate these risks, forecasting and real-time monitoring of SEP events are crucial.
Systems like the one developed for Mars missions can provide astronauts, and by extension,
rover and structure operators, with enough time (at least 30 minutes) to avoid maximum
radiation exposure and most of the cumulative dose of SEPs. This time allows astronauts
to seek shelter in specially designed modules or underground bunkers on Mars. For rovers
and other critical structures, the ability to quickly identify a SEP event is vital to implement
safety procedures, such as shutting down sensitive equipment or repositioning shields, thus
protecting these valuable assets (Löwe et al. 2025).

Implementation of SEP Manager

SEP events pose a significant environmental challenge for robotic mission simulations on
Mars. To produce realistic scenarios, these events must be modelled consistently and with
reasonable computational cost.

This work presents an algorithmic subsystem for simulating SEP events, conceptually inspired
by the RDS_T channel of the MEDA instrument on NASA’s Mars 2020 Perseverance rover.
The implemented system is a configurable computational simulator that reproduces expected
event behaviours using tunable parameters and probabilistic logic.

The architecture is organised into three modular components: (1) favourable-conditions
detection, (2) event execution, and (3) temporal constraints enforcement. This modular
separation facilitates maintenance and simplifies parameter calibration.

• Tcooldown = 10 SOLs (minimum configured period between events)

• Emax = 3 maximum events per 30-SOL period

• Df ixed = 1 SOL (default configured duration per event)

• ISEP = 0.6 (configured radiation intensity)

• Pbase = 0.15 (configurable base probability)

• RDS_T = simulated environmental radiation parameter (range: 0.0 to 1.0)

—
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Algorithm 4.1 SEP Detection and Evaluation

1: Initialization:
2: event_active ← f alse
3: last_end ← nul l ▷ Timestamp of the last event
4: events_in_per iod ← 0 ▷ Monthly/period counter
5: per iod_start ← 0 ▷ Start of the current period
6:

7: function CheckSEPEvent(RDS_T , ∆t, cur rent_step)
8: if event_active OR RDS_T < 0.001 then return ▷ Avoid overlap or

inappropriate ambient conditions
9: end if

10: Cooldown check:
11: if last_end ̸= nul l then
12: steps_elapsed ← cur rent_step − last_end
13: if steps_elapsed < Tcooldown × 288 then return ▷ Cooldown still active
14: end if
15: end if
16: Frequency-limit check:
17: if cur rent_step − per iod_start ≥ 8640 then ▷ Reset after 30 SOLs
18: events_in_per iod ← 0
19: per iod_start ← cur rent_step
20: end if
21: if events_in_per iod ≥ Emax then return ▷ Monthly/period limit reached
22: end if
23: Probabilistic computation:

24: Phour ly ← Pbase ×
∆t

3600
25: Padjusted ← Phour ly × (RDS_T × 2.0)
26: if random(0, 1) < Padjusted then
27: TriggerSEPEvent(cur rent_step)
28: end if
29: end function

The algorithm in 4.1 implements the detection logic for candidate SEP events based on
simulated radiation and temporal constraints.

Threshold system: The RDS_T threshold of 0.001 was established empirically during de-
velopment to yield a realistic event frequency for the simulator. Values below this threshold
are treated as insufficient ambient excitation.

Cooldown control: A configurable minimum interval between events is enforced (10 SOLs
= 2880 simulation steps) to avoid unrealistically frequent consecutive events.

Probabilistic computation: The event probability is computed by scaling a base rate by
elapsed time and amplifying it using the RDS_T channel; the factor 2.0 was selected em-
pirically to calibrate system sensitivity.

—
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Algorithm 4.2 SEP Event Execution and Control

1: function TriggerSEPEvent(cur rent_step)
2: if ValidateConstraints(cur rent_step) = f alse then return ▷ Failed safety

validations
3: end if
4: event_active ← true
5: event_start ← cur rent_step
6: event_duration ← 295 ▷ Fixed duration: 1 SOL (in steps)
7: events_in_per iod ← events_in_per iod + 1
8: ActivateGlobalRadiation(ISEP )
9: Log("SEP event started")

10: end function

Algorithm 4.2 manages the life cycle of approved SEP events.

Event initialization: Coordinates activation of control flags, timestamps, counters, and the
global radiation system with the configured intensity.

Temporal management: A timer monitors active events; when the configured duration (295
steps) elapses the finalization procedures are executed automatically.

—

Algorithm 4.3 SEP Constraints Validation

1: function ValidateConstraints(cur rent_step)
2: Cooldown check:
3: if last_end ̸= nul l then
4: steps_elapsed ← cur rent_step − last_end
5: if steps_elapsed < Tcooldown × 288 then
6: return f alse ▷ Insufficient cooldown
7: end if
8: end if
9: Frequency check:

10: if events_in_per iod ≥ Emax then
11: return f alse ▷ Period limit exceeded
12: end if
13: return true ▷ All constraints satisfied
14: end function

Algorithm 4.3 enforces the configured constraints that govern event frequency.

Cooldown enforcement: Verifies that the configured minimum period (10 SOLs) has elapsed
since the last approved event; new events are rejected if this period is not respected.

Frequency enforcement: Applies the configured maximum of three events per 30 SOLs as a
regulator, preventing excessively frequent events even under favourable conditions.

1. Initial check: Confirm RDS_T > 0.001 and that no event is currently active.

2. Constraints validation: Verify minimum cooldown and period limit.

3. Probabilistic computation: Apply the configured probability formula.
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4. Stochastic decision: Compare against a random draw.

5. Execution: If approved, start the event with the configured parameters.

The probabilistic formula implemented is:

Padjusted = Pbase ×
∆t

3600
× (RDS_T × 2.0)

4.3.2 Dust Storms

Dust storms are among the most prominent and recurrent atmospheric phenomena on Mars.
These storms arise from the interaction between wind and the Martian surface, where fine
dust particles are lifted and transported through the thin atmosphere. The dust absorbs
solar radiation and emits in the infrared, significantly altering the thermal structure and
atmospheric dynamics (H. Wang and Richardson 2015).

Martian dust activity occurs across a wide range of scales, from local vortices (dust devils)
to regional storms and even planet-wide dust storms capable of enveloping much of the
globe for weeks or months. Classical studies classify storms with a major axis exceeding
2000 km as "non-local," encompassing both regional and planet-encircling events. Regional
storms, in turn, are generally defined as events covering areas larger than 1.6×106 km2 and
persisting for more than three Martian days (H. Wang and Richardson 2015).

These storms have profound implications not only for the global climate of Mars but also
for space missions, as they drastically reduce visibility and affect electronic components in
probes and rovers. Furthermore, the aggregation of multiple local events can trigger large
regional or even global storms, such as those recorded in 2001 and 2007 (H. Wang and
Richardson 2015).

Thus, understanding the origin, evolution, and seasonal variability of these storms is essential
for characterizing Martian climatology and predicting their impacts on future exploration
missions.

Implementation of Dust Storm Manager

Understanding the atmospheric dynamics of Mars has revealed the fundamental role of vari-
ables such as pressure, temperature, and LS in identifying and characterizing dust storms.
Measurements conducted by the Perseverance rover within Jezero Crater demonstrated that
the pressure field undergoes daily and seasonal oscillations controlled by both thermal tides
and the sublimation-condensation cycles of CO2 at the poles. These variations not only
reflect the planet’s energy balance but also serve as precursors to dusty activity. During the
passage of a regional storm at Ls ≈ 155◦, for instance, an abrupt drop of approximately
60 Pa in the daily minimum pressure was observed, accompanied by significant increases (up
to fourfold) in the amplitude of the diurnal and semidiurnal components of thermal tides
(Sánchez-Lavega et al. 2023).

Daily insolation, modulated by the planet’s orbital position, acts as an additional trigger by
making the atmosphere convectively unstable during the central hours of the day, favoring
the formation of vortices and dust devils. Complementarily, the seasonal progression de-
scribed by solar longitude exerts a decisive influence: starting at Ls ≈ 136◦, the increasing
accumulation of suspended dust coincided with the intensification of pressure oscillations and
baroclinic wave activity, often associated with the genesis of regional storms. Such evidence
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confirms that the interaction between dynamic factors (pressure and temperature) and or-
bital factors (Ls) provides a robust framework for detecting and monitoring dust storms on
Mars, as well as offering valuable insights for predictive modeling of the Martian climate.

Since dust storms are stochastic events, a probabilistic model was developed to estimate the
likelihood of a storm based on current atmospheric conditions. The model considers three
main variables: atmospheric pressure, air temperature, and LS. The probability is calculated
using a logistic function that combines these variables, allowing dynamic adaptation to
changing environmental conditions.

The criteria for initiating a storm are as follows:

1. wind_speed_threshold = 20.0 m s−1

2. pressure_drop_rate = 4.0 hPa h−1

3. thermal_gradient = 15.0 ◦C

4. seasonal Ls range = (200, 300)

Algorithm 4.4 Dust Storm Management

1: while Simulation Active do
2: Update storm probability with update
3: if Trigger conditions met (_check_trigger_conditions) then
4: Initiate storm (_initiate_storm)
5: end if
6: if Storm Active then
7: Update storm phase (_update_storm_phase)
8: Apply effects on rovers (get_rover_effects)
9: end if

10: Update shared memory (_update_shared_memory)
11: end while

The update method is called periodically to ensure the continuous operation of the manager.
During its execution, it checks the atmospheric conditions to determine if a storm should
be initiated. To this end, the _check_trigger_conditions method evaluates whether the
scientific thresholds have been reached. These thresholds include factors such as wind
speed above 20 m/s, thermal gradient exceeding 15°C, and pressure drop rate greater than
4 hPa/h. Additionally, the system considers seasonality (LS between 200° and 300°) and
applies a 72-hour cooldown after the end of a storm. If all conditions are met, the storm
probability is calculated and compared with a random value. If the trigger is successful, the
_initiate_storm method is called to start the storm.

Furthermore, the method updates the phases and intensity of the storm, applies the cor-
responding effects on the rovers, and keeps the shared memory updated with the latest
data.

Dust storms follow a well-defined progression of phases. Initially, the Calm state indicates
the absence of storms. When conditions are favorable, the storm enters the Forming phase,
where it begins to develop. Subsequently, in the Growing phase, the storm’s intensity
gradually increases until it reaches the Peak, representing the moment of highest intensity.
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After this peak, the storm enters the Declining phase, where its intensity starts to decrease,
until it finally reaches the Dissipating phase, when the storm completely dissipates.

During storms, rovers are affected in several ways. Visibility is reduced, making navigation
difficult. The speed of the rovers also decreases, and the LIDAR range is altered, impacting
the ability to perceive the environment. These effects are calculated based on the intensity
of the storm and are applied to simulate the adverse conditions faced by rovers on Mars.

4.4 Auction-Based Autonomy and Coordination Layer

This section presents the design and implementation of an auction-based coordination and
autonomy framework in which explorer rovers discover samples and transporter rovers com-
pete in auctions to collect them. The principal goal of this approach is to maximise the
efficiency of sample retrieval by employing market-inspired mechanisms that enable decen-
tralised, adaptive decision-making.

The motivation for this system lies in the operational constraints of planetary missions, where
resources are scarce and operational failures carry high costs. Conventional exploration ar-
chitectures that rely on direct, centralized control from Earth suffer from large communi-
cation delays and limited responsiveness. The hybrid architecture proposed here mitigates
these issues by combining local autonomy with global coordination: explorer rovers oper-
ate autonomously to detect and characterise targets, while transporter rovers participate in
competitive auctions to determine task assignment and execution.

The architecture is founded on distributed auction protocols: each collection task gen-
erated by an explorer is allocated through a competitive bidding process among available
transporters. This mechanism not only improves assignment efficiency but also supports
learning-enabled behaviours, allowing transporter agents to refine their bidding strategies
over time. The framework is complemented by robust emergency protocols that preserve
mission safety and continuity under adverse conditions (e.g., solar storms), ensuring that
operational risk is managed while maintaining high scientific throughput.

4.4.1 Overall System Architecture

The implemented system follows a modular architecture composed of three primary, intercon-
nected components: explorer rovers specialised in discovery, a centralized Communication
Center responsible for coordinating operations, and transporter rovers tasked with sample
retrieval. This design seeks to maximise operational robustness while maintaining the flexi-
bility required to adapt to the dynamic conditions of the Martian environment as shown in
Figure 4.8.

Figure 4.8: Diagram of overall system architecture
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All rovers share the same discrete motion model: the eight cardinal and intercardinal di-
rections (N, NE, E, SE, S, SW, W, NW), and the capability to move one cell per step, as
illustrated in Figure 4.9.

Figure 4.9: Possible rover movements

Explorer Agents

Explorer rovers constitute the primary discovery layer of the system, acting as intelligent
mobile sensors that continuously expand the collective knowledge of the Martian terrain.
Each explorer is designed as a fully autonomous agent, capable of making independent
navigation decisions while contributing to the mission’s global map.

The explorers integrate multiple specialised capabilities that operate in concert to maximise
discovery efficiency. The detection and mapping subsystem is the most critical component:
it enables safe navigation and the identification and cataloguing of scientifically relevant
resources for subsequent retrieval.

To support the exploration strategies described above, each explorer embeds a compact
short-range remote-sensing module. This module provides local perception—obstacle de-
tection, terrain classification and the identification of potential scientific targets—within
a circular neighbourhood of three-cell radius. The following subsections detail the imple-
mentation of the simulated LIDAR, the adopted ray-casting method, and the incremental
local-map construction algorithm.

The detection system implemented on each explorer is an adaptation of the LIDAR concept
for planetary environments. It allows a rover to "see" its surroundings within a three-
cell radius, providing detailed information about obstacles, navigable terrain and potential
scientific resources.
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Figure 4.10: LIDAR Sensor Geometry example

The LIDAR system is implemented using a ray-casting algorithm in sixteen discrete direc-
tions, simulating laser beams that sample the surrounding terrain with high angular reso-
lution. This approach provides near-complete coverage of the local neighbourhood while
remaining computationally efficient for resource-constrained embedded platforms. Figure
4.10 illustrates the sensor geometry: the circle denotes the LIDAR range and the spokes
represent the emitted rays in the sampled directions.

Algorithm 4.5 LIDAR Exploration Routine

1: position ← current position of the explorer
2: range ← 3 ▷ cells
3: new_cel ls ← ∅
4: for dx ∈ [−range, range] do
5: for dy ∈ [−range, range] do
6: if dx2 + dy2 ≤ range2 then
7: new_position ← position + (dx, dy)
8: if new_position is inside grid bounds then
9: new_cel ls ← new_cel ls ∪ {new_position}

10: Inspect terrain type at new_position
11: Detect and classify samples and obstacles
12: end if
13: end if
14: end for
15: end for
16: Transmit discovered cells and detections to the Communication Center

The effectiveness of this sensing subsystem derives from its incremental discovery capability.
As each explorer traverses the terrain, the LIDAR module continuously expands the shared
map, revealing previously unseen areas of interest and identifying obstacles that other rovers
should avoid. This incremental strategy ensures systematic growth of the collective terrain
representation and reduces redundant coverage by multiple explorers.

Complementing local sensing, continuous environmental monitoring is essential for mission
safety and resilience. The RDS fulfils this role by correlating radiometric measurements with
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trend estimates and operational rules to produce graded warnings. The following section
details the RDS design, the filtering and trend-estimation methods used, and the criteria
employed to escalate automated responses so that scientific assets and operational continuity
are preserved, its operation is described in the Algorithm 4.5.

The RDS operates through four discrete alert levels, each corresponding to progressively
severe radiation conditions and associated response protocols. The NORMAL level denotes
nominal operating conditions in which all systems function without restriction. The WARN-
ING level indicates elevated radiation that necessitates increased monitoring but does not
prohibit routine operations. The CRITICAL level signals dangerous conditions that require
preparations for evacuation, while the STORM_ALERT level triggers immediate evacuation
procedures to pre-designated safe zones.

Algorithm 4.6 RDS Monitoring Routine

1: rds_history ← recent readings list
2: cur rent_level ← read radiation sensor
3: rds_base ← −0.000309831 ▷ baseline calibration constant
4: trend ← compute storm trend estimate
5: rds_t ← rds_base + trend + gaussian_noise
6: rds_history .append(rds_t)
7: aler t_level ← determine level using configured thresholds
8: if aler t_level ̸= prev ious_level then
9: Send alert to Communication Center

10: if aler t_level ∈ {CRIT ICAL, STORM_ALERT} then
11: Initiate evacuation procedures
12: end if
13: end if
14: Update monitoring history and logs

The sophistication of the RDS lies in its predictive detection capability. Rather than merely
reacting to hazardous radiation levels, the system analyses trends in historical measurements
to anticipate solar particle events, enabling precautionary evacuation before conditions be-
come critical. Such a proactive policy is essential in space environments where response
delays can have severe consequences, so everything that has been described is present in the
algorithm 4.6.

Integration between environmental monitoring and navigation policies is crucial to balance
scientific discovery with operational safety. Accordingly, exploration strategies were designed
to respond dynamically to signals from the RDS subsystem and other environmental vari-
ables: when the RDS indicates favourable conditions, explorers prioritise high-coverage,
efficiency-oriented search modes; under elevated alerts, they switch to conservative be-
haviours that mitigate risk (for example, prioritising shadowed areas or awaiting the end
of the event). This coordination yields adaptive exploration—efficient for prospecting new
areas and robust in the face of adverse events—without requiring manual mode switching.
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Figure 4.11: Frontier Expansion movement pattern of an explorer

The Frontier Expansion strategy focuses on extending the boundary of known terrain by
prioritising movement to cells adjacent to already-explored areas. This approach ensures
continuous growth of the collective map and minimises the risk of leaving coverage gaps, as
illustrated in Figure 4.11.

Figure 4.12: Spiral movement pattern of an explorer

The Spiral Patterns strategy implements a systematic spiral traversal that ensures uniform
coverage of extensive areas. This method is particularly effective in open terrain with few
obstacles that would interrupt regular movement. The spiral algorithm progressively expands
the exploration radius, guaranteeing that each cell in the region is visited exactly once, as
illustrated in Figure 4.12.
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Figure 4.13: Grid Systematic Assignment movement pattern of an explorer

The Grid Systematic Assignment strategy partitions the Martian terrain into distinct sectors
and assigns different explorers to individual regions using a systematic grid-scan approach.
This scheme prevents unnecessary overlap between rovers and maximises collective explo-
ration efficiency. The sector-assignment mechanism is dynamic, allowing reassignment of
sectors when explorers complete their designated regions or when obstacles impede progress,
as exemplified in Figure 4.13.

These strategies are formalised as shown in Algorithm 4.7.

Algorithm 4.7 Exploration Strategy Selection

1: cur rent_position ← position of the explorer
2: known_ter rain ← set of already explored cells
3: f rontiers ← identify adjacent unexplored cells
4: known_obstacles ← set of discovered obstacles
5: if |f rontiers| > f rontier_threshold then
6: strategy ← FRONTIER_EXPANSION
7: destination ← select nearest frontier
8: else if obstacle_density < spiral_threshold then
9: strategy ← SPIRAL_PATTERN

10: destination ← next position in spiral pattern
11: else
12: strategy ← GRID_SYSTEMATIC
13: destination ← next cell in assigned sector
14: end if
15: Navigate to destination

To ensure these strategies can interoperate with other rovers and system components, a
dedicated communication subsystem was designed to provide efficient sharing of critical
information with the Communication Center and peer agents. Every significant discovery
— whether a geological sample, a hazardous obstacle, or a shadow zone that can provide
radiation shelter — is immediately reported via structured messages that carry the necessary
metadata for coordinated response.

62



4.4. Auction-Based Autonomy and Coordination Layer

The communication protocol implements several message types, each optimised for specific
operational purposes. Exploration update messages convey expansions of the shared map;
sample-discovery messages announce valuable resources and trigger collection tasks; and
RDS alert messages coordinate emergency responses to hazardous radiation conditions.
This structured messaging framework ensures rapid dissemination of critical information
while protecting the communication channel from saturation.

CommunicationCenter

The CommunicationCenter functions as the system’s central coordination component, act-
ing as an intelligent hub that aggregates information from all rovers and orchestrates their
activities. It was designed to address the fundamental challenge of maintaining global co-
ordination in distributed systems, ensuring that local decisions made by individual rovers
contribute efficiently to the mission’s collective objectives.

The CommunicationCenter’s architecture adopts a single source of truth for the mission
state, reconciling centralized information management with local autonomy. In this scheme
the CommunicationCenter maintains and synchronises maps, inventories, positions and op-
erational logs, while lightweight communication protocols and fault-tolerant policies enable
agents to continue operating in degraded mode when connectivity is intermittent. The
following section details the state-representation mechanisms, message formats and syn-
chronization protocols that support global coherence and underpin the negotiation and
task-allocation algorithms presented later.

The CommunicationCenter maintains a complete, up-to-date representation of mission
state, including a detailed map of explored terrain, precise locations of detected obstacles,
a comprehensive inventory of identified samples and their current status, and continuous
monitoring of the positions and operational states of all active rovers.

State management is implemented using optimised data structures that permit efficient
updates and fast queries. The explored-terrain map employs spatial indices to rapidly identify
unexplored areas and to compute routes efficiently between locations. The sample inventory
stores not only locations but also metadata such as sample type, estimated scientific value
and the history of collection attempts.

As shown in Algorithm 4.8, the CommunicationCenter processes messages received from
explorer and transporter rovers to update the global state. Each message is categorised
by type and triggers specific actions based on its content: exploration updates mark newly
observed cells on the global map; sample-discovery messages add entries to the inventory and
create collection tasks; and obstacle reports update the obstacle map and adjust navigation
routes as required.
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Algorithm 4.8 Global State Update

1: procedure UpdateState(message)
2: type ← message.type
3: content ← message.content
4: sender ← message.sender
5: if type = “exploration” then
6: for each cel l in content.new_cel ls do
7: global_map.mark_explored(cel l)
8: end for
9: Update exploration statistics for sender

10: else if type = “sample_discovery” then
11: inventory .add(content.sample)
12: Create a collection task for content.sample
13: Notify available transporters
14: else if type = “obstacle_detected” then
15: obstacle_map.add(content.position)
16: Update affected navigation routes
17: end if
18: Log the message in history
19: end procedure

Notably, the CommunicationCenter also implements a structured asynchronous messaging
subsystem that enables rovers to transmit discoveries and state updates without interrupting
their primary operations. This messaging layer is critical for preserving effective coordination
when agents are geographically dispersed and subject to variable communication delays.
Figure 4.14 illustrates the messaging architecture.

Figure 4.14: Structured Asynchronous Messaging System

The messaging framework supports multiple message types, each optimised for a specific
operational purpose: exploration-update messages report expansions of the shared map;
sample-discovery messages trigger automatic creation of collection tasks; RDS anomaly
alerts coordinate emergency responses; and shadow-zone discovery messages convey critical
sheltering information during solar storms.

The messaging subsystem’s robustness is ensured through redundancy and integrity-checking
mechanisms. Critical messages require explicit acknowledgement, and automatic retransmis-
sion is performed for messages unacknowledged within configured timeouts. These provisions
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minimise the risk of losing essential information under degraded or intermittent communi-
cation conditions.

As an introductory coordination mechanism for the multi-agent system, the following sec-
tion describes a deterministic, heuristic-based task-assignment framework. This baseline
mechanism serves a dual purpose: it provides a well-understood reference for the evaluation
of more advanced approaches, and it acts as a reliable fallback when learned policies are
unavailable or produce unstable behaviour.

The baseline algorithm is intended as a proof of concept and a foundation for subsequent de-
velopments, exposing the core principles of multi-agent coordination prior to the integration
of learning capabilities. The baseline was later extended to incorporate MARL techniques
while remaining available as a fail-safe to preserve operational robustness.

Assignment decisions proceed in multiple phases. Transporter rovers are first categorised
according to current workload: idle agents (no active tasks) receive highest priority for new
assignments; busy agents (one to two active tasks) are considered for additional tasks only
if no idle agents are available; overloaded agents (three or more active tasks) are excluded
from new assignments until their load decreases. This process is formalised in Algorithm
4.9.

Algorithm 4.9 Deterministic Baseline Task Assignment

1: procedure AssignTasksBaseline(transporters)
2: f ree, busy , over loaded ← categorize_by_load(transporters)
3: tasks_sorted ← sort_by_priority_and_proximity()
4: assignments ← ∅
5: for each task in tasks_sorted do
6: candidates ← f ree
7: if |f ree| = 0 then
8: candidates ← busy
9: end if

10: best_rover ← nul l
11: best_score ← −∞
12: for each rover in candidates do
13: score ← evaluate_deterministic_suitability(rover , task)
14: if score > best_score then
15: best_score ← score
16: best_rover ← rover
17: end if
18: end for
19: if best_score > minimum_threshold then
20: assignments[task ]← best_rover
21: Update_rover_category(best_rover) ▷ move between

free/busy/overloaded
22: end if
23: end for
24: Execute_load_redistribution_if_necessary()
25: return assignments
26: end procedure
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The deterministic suitability assessment combines multiple predefined criteria — notably
geographic distance to the sample, the transporter’s current workload, and its historical
performance on analogous tasks. This multi-criteria baseline algorithm yields consistent,
predictable assignments grounded in well-established operational heuristics.

While effective in controlled scenarios, the deterministic baseline exhibits clear limitations
in highly dynamic and uncertain environments such as the Martian surface. To address
these shortcomings, the architecture was extended to include learning-based capabilities via
MARL, while preserving the deterministic baseline as a robust operational fallback.

This extension represents a shift from fixed rule-based coordination to adaptive, experience-driven
coordination: agents progressively refine their decision policies through operational feedback,
thereby improving collective performance as they accumulate interaction data in the simu-
lated Martian environment.

To prevent load imbalances in which some transporters become overloaded while others re-
main underutilised, the CommunicationCenter implements a dynamic load-balancing mecha-
nism. The system continuously monitors task distribution across all transporters and triggers
automated redistribution when significant imbalances are detected.

The redistribution routine evaluates workload metrics — including the number of active
tasks, samples currently carried, and estimated remaining time for in-progress tasks — and,
when inter-agent load differentials exceed predefined thresholds, reassigns tasks to restore
a balanced collective workload.

Algorithm 4.10 Dynamic Load Balancing

1: procedure BalanceLoad(assignments, transporters)
2: loads ← compute workload for each transporter
3: load_min ← min(loads)
4: load_max ← max(loads)
5: if load_max − load_min > threshold then
6: over loaded ← transporter with maximum load
7: underuti l i sed ← transporter with minimum load
8: transf erable_tasks ← identify tasks eligible for transfer from over loaded
9: for each task in transf erable_tasks do

10: transf er_cost ← estimate redistribution impact for task
11: if transf er_cost < expected benefit then
12: Transfer task from over loaded to underuti l i sed
13: Recompute affected routes and schedules
14: Notify involved transporters of the change
15: end if
16: end for
17: end if
18: end procedure

Transporter Agents

Transporter rovers constitute the system’s executive layer, responsible for converting discov-
eries into tangible scientific outcomes by collecting and delivering samples. These agents
are designed as highly specialised platforms, equipped with advanced navigation subsystems,
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manipulator hardware for sample acquisition, and safety protocols to operate reliably under
adverse conditions as shown in Algorithm 4.10.

The transporter design integrates several interdependent modules to enable efficient au-
tonomous operation. The navigation subsystem is the critical element: it builds on an
adaptive implementation of the A* algorithm, optimised for dynamic multi-agent environ-
ments through intelligent caching and automatic replanning.

The pathfinding implementation uses classical A* as its core but incorporates multiple op-
timisations to improve runtime performance and robustness in changing conditions. An
edge-cost cache accelerates repeated computations for frequently traversed corridors, and
an automatic replanning mechanism is triggered when new obstacles or conflicts are de-
tected.

When the environment changes substantially—for instance, when new obstacles appear or
other rovers obstruct planned routes—the system invalidates the relevant cache entries and
executes a full replanning cycle to guarantee that transporters maintain valid, efficient paths
to their objectives. This strategy preserves operational resilience in highly dynamic scenarios.

The adaptation also includes specific features for multi-agent coordination: peer rovers are
modelled as temporary, potentially mobile obstacles with predictable motion patterns, and
the planner supports multiple heuristics selectable at runtime (e.g. a SHORTEST heuristic
prioritising minimum path length and a BALANCED heuristic that additionally accounts for
congestion and risk), as formalised in Algorithm 4.11.

Algorithm 4.11 Adaptive Multi-Agent A* Pathfinding

1: procedure PlanAdaptivePath(start, goal , peer_rovers)
2: temporary_obstacles ← positions of peer_rovers
3: permanent_obstacles ← known obstacles from the map
4: al l_obstacles ← permanent_obstacles ∪ temporary_obstacles
5: if new obstacles detected since last planning then
6: Invalidate edge-cost cache
7: explored_cel ls ← fetch already explored cells
8: Run A* using the selected heuristic considering al l_obstacles
9: Store updated edge costs in the intelligent cache

10: else
11: Use existing path if still valid
12: end if
13: next_step ← first position on the computed path return next_step
14: end procedure

The efficiency of the adaptive A* planner is maximised by an intelligent caching mechanism
that stores frequently used routes and reuses previous computations whenever possible. This
cache is particularly valuable for corridors between the central base and commonly visited
sample locations, where multiple transporters benefit from precomputed edge costs and path
fragments.

Each transporter rover is governed by a finite-state machine that manages the complete
sample-collection lifecycle, from initial planning to final delivery at the base. The state
machine enforces correct sequencing of task phases and ensures transitions occur only when
the requisite conditions are satisfied.
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The PLANNING state corresponds to the initial phase in which a rover receives a collec-
tion assignment and computes an optimal route to the target sample. During planning the
rover considers not only geographic distance but also traffic congestion, prevailing radia-
tion conditions, and the availability of alternative routes should the primary path become
obstructed.

The COLLECTING state covers navigation to the sample site and the physical acquisition
procedure. In this phase the rover must handle dynamic obstacles, coordinate with nearby
peers, and adapt its route in response to updated information received from the Communi-
cationCenter.

The DELIVERING state denotes the return journey to base with the collected sample. This
phase comprises return navigation as well as coordination with base systems to effect an
efficient handover and to prepare the rover for subsequent tasks, it is illustrated in Algorithm
4.12.

Algorithm 4.12 Transporter State Machine

1: procedure UpdateBehavior(transporter)
2: cur rent_state ← transporter.state
3: if cur rent_state = PLANNING then
4: if task assigned and route computed then
5: transporter.state ← COLLECT ING
6: Initiate navigation to sample
7: end if
8: else if cur rent_state = COLLECTING then
9: if arrived at sample location then

10: Execute sample collection
11: transporter.state ← DELIV ERING
12: Compute return route to base
13: else
14: Continue navigation to sample
15: Check whether route requires replanning
16: end if
17: else if cur rent_state = DELIVERING then
18: if arrived at base then
19: Deliver sample to base
20: Mark task as complete
21: transporter.state ← IDLE
22: Request new task
23: else
24: Continue navigation to base
25: end if
26: end if
27: end procedure

One critical capability of the transporter rovers is their ability to respond appropriately to
emergency situations, in particular solar particle events that may jeopardise both rover safety
and the integrity of transported samples. The implemented emergency-response system is
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based on a centralized communication architecture in which explorer rovers act as distributed
radiation sensors.

Under nominal conditions transporters execute their assigned tasks. Emergency detection
begins when explorers continuously monitor local RDS readings; upon detecting an anoma-
lous radiation level an explorer immediately reports the observation to the Communication
Center via a rds_anomaly message. The Communication Center applies a cross-validation
policy, requiring confirmation from at least two independent explorers before declaring an
active solar event.

When a solar event is confirmed, the Communication Center broadcasts a storm_status
_update to all transporters. Transporters poll for these messages periodically using _check
_storm_messages() and activate evacuation protocols immediately upon receipt of an
active-storm confirmation.

Evacuation behaviour is multimodal and context dependent: a transporter at base on alert
remains sheltered until conditions return to safe levels; a transporter executing a collection
or delivery suspends the current task, persists the full task state in suspended_task, and
navigates to the nearest shadow zone using the adaptive A* pathfinder to minimise radiation
exposure, this system response emergency is illustrated in Algorithm 4.13.
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Algorithm 4.13 Emergency Response Routine

1: procedure ManageEmergency(transporter , storm_messages)
2: cur rent_position ← transporter.position
3: storm_status_changed ← check storm messages
4: if storm_status_changed and storm active then
5: if in safe zone or at base then
6: evacuation_state ← “in_shelter”
7: Remain at current position until the storm subsides
8: else if evacuation_state ̸= “moving_to_shelter” then
9: if has active task and not yet suspended then

10: suspended_task ← persist the full task state
11: Include: task, stage, path, collected_samples
12: end if
13: evacuation_target ← find nearest safe zone
14: if evacuation_target found then
15: evacuation_state ← “moving_to_shelter”
16: Use A* to navigate to the safe zone
17: else
18: evacuation_state ← “stuck_in_storm”
19: Remain stationary
20: end if
21: else
22: Continue movement towards the safe zone using A*
23: end if
24: end if
25: if storm_status_changed and storm inactive and has suspended task then
26: Restore task from suspended_task
27: Restore: task, stage, path, path_index, samples
28: evacuation_state ← “none”
29: Clear evacuation metadata
30: Recompute route if necessary
31: end if
32: end procedure

The system carefully preserves the state of all tasks suspended during emergencies, ensuring
that once normal conditions are restored rovers can resume their activities precisely where
they were interrupted. This state-preservation capability is essential to maintain operational
efficiency during and after emergency events.

4.4.2 MARL System Architecture

The natural evolution of the deterministic baseline task-assignment system culminates in the
integration of learning capabilities through MARL. This enhancement represents a substan-
tive improvement over the traditional rule-based approach, allowing each rover to develop
individually optimised strategies from operational experience and producing collective per-
formance that improves continuously over time.

The MARL layer is fully compatible with the baseline: it functions as an intelligent over-
lay that replaces fixed heuristics with learned, adaptive policies. This hybrid architecture
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preserves operational robustness—when MARL capabilities are available the system em-
ploys learning-enabled auction mechanisms; if they are not, it automatically reverts to the
deterministic baseline to ensure uninterrupted mission operations.

MARL Coordinator

The MARLCoordinator represents the evolution of the traditional CommunicationCenter,
extending its orchestration capabilities by incorporating learning-based auction mechanisms.
This component replaces the deterministic baseline algorithm with a competitive auctioning
framework in which each Transporter develops customised strategies grounded in accumu-
lated operational experience.

The transition from the baseline to MARL preserves the system’s core objectives — efficient
task allocation and balanced workload distribution — while introducing adaptive capabilities
that enable continuous optimisation driven by real operational feedback. This example
illustrates how a deterministic module can be transformed into an intelligent component and
demonstrates that MARL constitutes a direct evolutionary extension of the baseline system.

The MARL auction mechanism is a direct extension of the deterministic baseline, substituting
fixed suitability evaluations with a dynamic, competitive process. Where the baseline relied
on predefined heuristics for task assignment, the MARL framework allows each Transporter
to learn and refine its own evaluation strategy based on historical performance and contextual
experience.

Figure 4.15: MARL Auction System

Each collection task triggers a competitive auction among all available Transporters, in which
each Transporter submits a bid that reflects not only its technical capability but also a learned
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confidence derived from prior experience with similar tasks. This mechanism constitutes a
substantive improvement over the deterministic baseline, enabling continuous adaptation to
dynamic operational conditions; the dynamics of the process are illustrated in Figure 4.15.

The auction maintains the baseline’s organisational flow — identification of eligible Trans-
porters, suitability evaluation, and selection of the preferred candidate — but replaces fixed
suitability metrics with evolutionary bidding strategies that are refined over time through
operational feedback.

Algorithm 4.14 MARL Auction System

1: procedure ConductAuction(avai lable_tasks, active_transporters)
2: assignments ← ∅
3: assigned_agents ← ∅
4: for each task in avai lable_tasks do
5: el igible ← filter transporters with no active tasks
6: el igible ← el igible \ assigned_agents
7: if |el igible| = 0 then
8: Stop auction — all agents are busy
9: end if

10: bids ← ∅
11: for each rover in el igible do
12: pol icy ← retrieve individual policy of rover
13: bid ← pol icy .calculate_bid(task , competition_history)
14: bids[rover ]← bid
15: end for
16: if |bids| > 0 then
17: winner ← argmaxrover (bids[rover ])
18: assignments[task ]← winner
19: assigned_agents ← assigned_agents ∪ {winner}
20: Log auction in history for learning
21: Notify all participants of the result
22: end if
23: end for
24: return assignments
25: end procedure

Crucially, the system notifies all auction participants of the outcome, not only the winner.
This information is consumed by each Transporter to refine future bidding strategies, en-
abling agents to learn competitive patterns and to adjust bid aggressiveness according to
their historical successes and failures, we can better understand this flow in the algorithm
4.14.

After each task is completed (successfully or otherwise), the system collects detailed feed-
back on the responsible Transporter’s performance. Collected metrics include completion
time, route efficiency, resources consumed, and any complications encountered during exe-
cution. These observations are used to update the Transporter’s policy, thereby improving
its capability to evaluate and prioritise future tasks.

Learning is driven by a modular reward algorithm that aggregates multiple performance
factors. Successful executions are rewarded according to completion efficiency, while failures
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are penalised proportionally to their impact on the mission. The reward computation also
incorporates contextual variables — for example, environmental conditions present during
task execution — allowing Transporters to calibrate their expectations and behaviour to
situational specifics. See Algorithm 4.15.

Algorithm 4.15 Continuous Learning System

1: procedure UpdateLearning(rover_id, completed_task, result)
2: pol icy ← retrieve policy for rover_id
3: success ← result.was_successf ul
4: completion_time ← result.time_spent
5: dif f iculty ← completed_task.di f f iculty_level
6: reward ← compute reward from multiple performance factors
7: if success then
8: reward ← reward× success_bonus_factor
9: reward ← reward / max(1, completion_time/expected_time)

10: else
11: reward ← reward× failure_penalty_factor
12: end if
13: pol icy .apply_learning(reward , task_context)
14: Update historical statistics for rover_id
15: Persist updated pol icy
16: Update global MARL performance metrics
17: end procedure

Adaptive Individual Policies

Each Transporter develops a distinct operational "personality" via an adaptive policy frame-
work that evolves from individual experience. This design enables Transporters with similar
physical capabilities to adopt different operational strategies, producing behavioural diversity
that strengthens the collective robustness of the system.

An individual Transporter’s policy is encoded as a small set of adaptive weights that modulate
how the agent evaluates different task attributes. These weights are randomly initialised to
ensure early diversity and are progressively refined through operational feedback and learning.

And how do these weights work?

Thus, each Transporter maintains five principal weights that define its operational person-
ality. The distance-preference weight determines how the Transporter balances geographic
distance against other factors — some Transporters may develop a bias for proximate tasks
to maximise efficiency, while others may exhibit greater tolerance for long-range assignments.
The load-tolerance weight governs how the Transporter evaluates additional tasks when al-
ready engaged — more confident Transporters may accept multiple concurrent assignments,
whereas more conservative agents prefer to focus on a single task at a time.

The confidence-bias weight influences how aggressively the Transporter competes in auc-
tions, with higher confidence producing larger bids and lower confidence yielding more cau-
tious behaviour. The efficiency-focus weight controls the trade-off between rapid completion
and thoroughness, and the risk-tolerance weight modulates the Transporter’s willingness to
accept tasks in potentially hazardous environments.
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Beyond these core personality weights, each Transporter evolves a sophisticated bidding
strategy driven by feedback from previous auctions. This strategy incorporates competitive
awareness: Transporters learn to adjust their bids according to the expected number of
competitors for different task categories.

The bidding system also implements a confidence-calibration mechanism based on historical
outcomes: Transporters with consistent successes in specific task classes gradually increase
bid aggressiveness for those classes, while Transporters that experience failures adopt more
conservative bidding until their performance improves. This dynamic is formalised in Algo-
rithm 4.16.

Algorithm 4.16 Evolutionary Bidding Strategy

1: procedure GenerateBid(rover, task)
2: distance ← computeDistance(rover.position, task.position)
3: capacity ← rover.capacity
4: success_history ← rover.success_history
5: exploration_f actor ← random(0,1)
6: f i tness ← β · ˜distance + γ · ˜capacity + δ · ˜success_history + ϵ ·
exploration_f actor

7: return f i tness
8: end procedure

Individual policies are continuously refined by a learning mechanism that adjusts the policy
weights according to feedback from completed tasks. This refinement is performed with a
conservative learning rate to ensure stability and to prevent abrupt behavioural oscillations
that might jeopardise operational predictability.

The system also provides policy persistence: learned strategies are persisted across oper-
ational sessions so that Transporters retain and further refine their policies over multiple
missions, yielding cumulative improvements in performance over time.

4.5 Environment Development

This section presents the development of a Mars use case inspired by the Perseverance
traverse. The simulated area covers approximately ±2 km and is discretised into a regular
grid in which each cell corresponds to the rovers’ basic movement increment. We detail
the grid configuration, obstacle and sample placement, and the integration of the climate
model, and we justify the modelling choices and operational strategies adopted to maximise
realism within the constraints and capabilities of the previously trained models.

4.5.1 Use Case: Crater Jezero

Jezero Crater on Mars is of considerable scientific interest due to its geological history
and its potential to have hosted microbial life in the past. The crater has an approximate
diameter of 49 km and is regarded as one of the most promising targets for astrobiological
exploration on the Red Planet. The presence of an ancient lake basin and a fluvial delta
indicates that liquid water once persisted in the region, thereby increasing the likelihood of
preserved biosignatures.
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Figure 4.16: Image satellite of Jezero Crater, Mars

A use case centred on NASA’s Perseverance rover was selected; the study area corre-
sponds to the location traversed by the vehicle at coordinates 77.43750460° longitude and
18.46892814° latitude. The sector exhibits predominantly flat relief punctuated by small
impact craters and scattered rock outcrops, a combination of features that makes it partic-
ularly well suited for realistic exploration and terrain-development simulations. The selected
region is illustrated in Figure 4.16.

4.5.2 Grid Configuration and Map Editor

For the use case simulation a 200 × 200 grid was implemented, where each cell represents
approximately 11m in real distance, based on scale estimates derived from Perseverance
rover data. Consequently, the grid covers roughly 5 km2, an extent suitable for simulating
exploration of a compact area while preserving substantial geological diversity.

Each cell is modelled as an object encapsulating meteorological attributes (ground temper-
ature, air temperature, relative humidity, wind speed, and solar radiation). These values are
generated by the Martian climate model and vary with the cell’s position in the grid: cells lo-
cated further from the centre receive larger percentage perturbations to their meteorological
variables, producing a dynamic environment and avoiding static behaviour in the simulation.

To facilitate scenario creation and modification, an interactive editor was developed that
loads the 200 × 200 grid together with the reference image for the selected use case. The
interface enables users to place obstacles (e.g. craters, rocks, geological formations) and
samples strategically, and to adjust predefined configuration parameters. On completion the
editor exports a JSON file containing a dictionary of obstacle and sample locations on the
grid; this file can be reloaded subsequently, allowing map revisions without reconstructing it
from scratch.
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Figure 4.17: Editor interface for positioning obstacles and samples

Obstacles were introduced to emulate features that constitute operational hazards, while
samples were strategically distributed to encourage traversal under adverse conditions, in-
cluding regions of high obstacle density.

Climate system

An environmental climate subsystem was implemented on the grid to simulate Martian
meteorological conditions using the previously trained forecasting model. This subsystem
produces cell-level predictions of ground temperature, air temperature, relative humidity,
wind speed and incident solar radiation. Forecasts are conditioned on local time and LS,
allowing the simulated environment to reproduce realistic diurnal and seasonal variability.

The forecasting model requires a 10-hour context to generate a 5-minute horizon predic-
tion. Accordingly, a preprocessed 10-hour input file is loaded at simulation start; the model
produces the initial 5-minute prediction, which is appended to a rolling buffer containing 120
entries (equivalent to 10 hours). At each simulation step the oldest buffer entry is discarded
and the newest prediction appended, thereby maintaining an updated forecast stream with
5-minute resolution that adapts to incoming inputs.

For improved situational visualisation a day/night indicator was implemented based on the
RDS_T channel. This signal controls the simulation’s illumination state and facilitates clear
identification of dawn and dusk transitions for both display and behaviour adaptation.

Environment Simulator

An environment simulator was implemented to instantiate the map described above. The
simulator comprises a visualisation area that renders the terrain, active rovers and the live
simulation state, together with a control panel that aggregates operational telemetry and
provides interactive controls to enable or disable specific simulation features. The simulator
interface is illustrated in Figure 4.18.
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Figure 4.18: Environment simulator interface

Control Panel and Visualization

An interactive control panel was implemented to allow users to interact with the simulation.
The panel is organised into two tabs (VIZ and ENV). The VIZ tab provides a set of toggle
buttons that enable or disable visualization features, for example:

• Obstacles loaded from the editor: display obstacles placed using the editor.

• Samples loaded from the editor: display sample locations defined in the editor.

• Defined landing base: show the initial landing/base position.

• Grid overlay: render the full map grid.

• Radiation overlay: visualise environmental radiation using a colour map.

• LIDAR range: display the sensing radius of explorer rovers.

• Rover paths: show planned and executed trajectories of rovers.

• Shadow zones: highlight shelter areas usable to reduce radiation exposure.

• Fog-of-War mode: reveal map cells only when rovers traverse them.

These visualization options are illustrated in Figure 4.19, which shows how each feature is
represented within the simulator.
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Figure 4.19: Control panel - VIZ

The second tab (ENV) contains information about the environment, such as:

Figure 4.20: Control panel of time - ENV

A list of buttons that allows you to control the simulation time, as shown in Figure 4.20.

Figure 4.21: Environment Information - ENV

Directly below this control list, the "Environment Data" panel reports the current SOL and
the simulation clock, which advances in five-minute increments. Within the same panel, the
"Environment Variables" subsection presents the climate model’s cell-level forecasts — air
temperature, ground (surface) temperature, atmospheric pressure, relative humidity, incident
radiation and horizontal wind speed — enabling users to monitor environmental conditions
that are relevant to navigation, sensing and mission planning (see Fig. 4.21).
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Figure 4.22: Dust storm information and SEP - ENV

Immediately below the meteorological information, the "Dust Storm and SEP" panel re-
ports the current event status, indicating whether a dust storm or a SEP episode is active.
Each indicator displays a binary state and associated diagnostic parameters to support rapid
situational awareness and operational decision-making (see Fig. 4.22).

Figure 4.23: Graph showing meteorological variables at each time step - ENV

Finally, a chart presents the temporal evolution of the meteorological variables at five-minute
resolution. This view enables the user to inspect diurnal patterns and short-term variability;
an on-screen selector allows cycling through the six forecast variables (air temperature,
ground temperature, atmospheric pressure, relative humidity, incident radiation — RDS_T
— and horizontal wind speed), as illustrated in Figure 4.23.

4.5.3 Complete Simulation Pipeline

The complete simulation integrates all developed components — the Martian environment,
explorer and transporter rovers, the climate subsystem, the MARL coordination layer, and the
control panel. The following pseudocode summarises the full simulation pipeline, detailing
the principal stages from system initialization through the main simulation loop.
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Figure 4.24: Complete Simulation Pipeline

The Martian exploration simulator is a layered system that integrates multiple technological
components to reproduce, in digital form, the operational conditions and challenges of a
planetary exploratory mission. Its core architecture is organised as a structured pipeline that
coordinates artificial intelligence modules, environmental modelling, temporal management
and graphical rendering, thereby providing a robust platform for research in collaborative
robotics and autonomous planetary exploration.
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System Initialization Phase

System initialization comprises a sequence of procedures that establish the computational
foundations required for the simulation. The graphical subsystem is initialised (the imple-
mentation uses Pygame for real-time rendering), and historical Martian climate data are
loaded from a preprocessed file to provide an empirical basis for subsequent forecasting.

The climate forecasting component is instantiated using the N-BEATS model, a neural
architecture tailored for time-series prediction. A rolling historical buffer of 120 climate
records is created to supply the temporal context necessary for accurate short-term forecasts.
The Martian environment is realised as a two-dimensional grid of 200 × 200 cells, yielding
40,000 discrete positions that represent the simulated terrain.

Martian Environment Configuration

Environment modelling requires several subsystems to faithfully reproduce planetary con-
ditions. Terrain features are loaded from the configuration file ‘terrain.json‘, which con-
tains predefined data for topographic obstacles, impact craters and rock formations used
in this scenario. Scientific samples are also positioned according to the same configuration
file, with locations and attributes chosen to represent geologically interesting materials dis-
tributed across the map. A landing base is defined to serve as the mission’s origin and as
the collection point for delivered samples.

The simulator implements a fog-of-war mechanism to model progressive discovery: initially
only the area surrounding the landing site is known, and the remainder of the map is re-
vealed as robotic agents explore. This behaviour reflects the epistemic limitations typically
encountered in real exploratory missions.

System Managers Initialization

The simulator’s modular architecture requires coordinated startup of multiple specialised
managers. The temporal manager implements the Martian chronology (a Martian sol is
approximately 24 h 37 min) and computes solar longitude dynamically to support seasonal
modelling. The climate manager orchestrates the N-BEATS forecasting pipeline and con-
tinuously updates environmental conditions from historical data and model projections.

The dust-storm manager monitors atmospheric indicators and probabilistically simulates
extreme weather events that may significantly affect operations. Event intensity is modelled
using atmospheric pressure, wind speed and temperature as input variables. An automated
feedback mechanism adjusts climatic parameters every five Martian sols to correct long-term
drift and preserve simulation fidelity.

Multi-Agent System Configuration

The multi-agent system is one of the pipeline’s most sophisticated components. The Com-
municationCenter provides the local coordination infrastructure that enables near-instantaneous
sharing of information among agents. It functions as a centralised repository that aggre-
gates agent messages, maintains the shared explored map, tracks discovered samples, and
coordinates task allocation via a lightweight message aggregation mechanism.

Explorer rovers are initially positioned near the landing base, while transporter rovers are
configured with specialised algorithms for sample collection and delivery. All agents are
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registered with the CommunicationCenter, establishing a collaborative network that supports
the orchestration of complex missions.

Agent Behaviour Configuration

Each agent category is configured with role-specific behaviours. Explorers are assigned
discovery-oriented policies that prioritise directions reducing overlap and maximising col-
lective coverage. Each explorer is equipped with a virtual LIDAR sensor with a three-cell
detection radius to support local mapping and obstacle detection in real time.

Transporter rovers are configured for sample handling and delivery and are registered with
the MARL layer to exploit adaptive learning capabilities. When available, pretrained decision
policies are loaded to accelerate behavioural optimisation. The immediate vicinity of the
landing base is automatically explored within a five-cell radius to establish a foundational
knowledge of local terrain for subsequent operations.

Main Simulation Loop

The simulator’s operational core is the main loop, which executes continuously until termi-
nation criteria are met. Each iteration performs a sequence of update phases that maintain
system coherence and synchronisation across components.

Temporal and climatic updates are performed first: the current Martian time (sol, hour,
minute) is computed, solar longitude is updated, and the climate model (N-BEATS) is
used to project short-term environmental conditions. Day/night state is determined from
the RDS_T channel using a threshold (0.8) to distinguish between diurnal and nocturnal
periods.

Radiation Management System

Radiation monitoring is a critical simulation subsystem that continuously evaluates the oc-
currence of solar radiation events that may compromise rover safety or sample integrity.
The system tracks ambient radiation levels and enforces automatic safety protocols when
predefined thresholds are exceeded. Radiation state is synchronised across subsystems to
ensure a coordinated response to hazardous events.

MARL-based Task Negotiation System

Task negotiation implements a sophisticated coordination mechanism that optimises re-
source allocation and minimises redundant activity. Each cycle begins by pruning obsolete
tasks and creating new tasks for recently discovered samples. Available transporters are
identified and automatic auctions are conducted in which agents bid for tasks according to
efficiency and proximity criteria.

When tasks and free transporters coincide, competitive auctions are executed using op-
timisation heuristics that consider distance, payload capacity and historical performance.
Winners are assigned the tasks, creating contractual commitments that guide subsequent
agent actions.

82



4.5. Environment Development

Explorer Rovers Update

Explorer updates encompass specialised operations that maximise exploratory effectiveness.
Each explorer continuously updates local radiation readings and may alter behaviour in re-
sponse to hazardous conditions. Movement decisions respect assigned preferred directions
and use pathfinding algorithms that avoid obstacles while maximising coverage.

Each explorer’s LIDAR subsystem is refreshed continuously to provide detailed local maps
and to aid recognition of geological features. Sample detection employs pattern-recognition
routines to identify scientifically relevant targets; discoveries are reported immediately to the
CommunicationCenter so that the collective map and task queues are updated.

Transporter Rovers Update

Transporter behaviour adapts dynamically to the agent’s operational state. During planning,
transporters receive auctioned assignments and compute optimised routes using advanced
pathfinding that accounts for obstacles and terrain.

In the collecting phase, transporters navigate autonomously to designated samples, employ-
ing navigation routines that compensate for drift and positional uncertainty. On arrival,
transporters execute automated collection procedures that emulate the robotic operations
required for Martian sample acquisition.

During delivery, transporters return to base using routes that minimise travel time and
energy consumption. Successful deliveries produce MARL rewards that positively influence
subsequent policy updates and improve future performance.

Verification and Reward System

Verification of task completion and the assignment of rewards constitute a fundamental
mechanism in the agents’ adaptive learning. The system detects completed tasks automat-
ically by monitoring sample state and agent positions. Rewards are computed using multiple
performance criteria, including completion time and execution quality.

Policy updates use reinforcement learning algorithms that incorporate observed rewards to
optimise future behaviours. Over time agents develop increasingly sophisticated strategies
through accumulated experience, improving the overall effectiveness of exploration opera-
tions.

Dust Storm Management

The dust-storm subsystem continuously evaluates atmospheric conditions to estimate the
probability of extreme weather events. When storms are predicted or detected, the simulator
applies visibility and mobility penalties to rovers, realistically reproducing the operational
constraints imposed by adverse meteorological conditions.

Automatic Feedback System

An automatic feedback mechanism applies corrective adjustments to maintain long-term sim-
ulation fidelity. Every five Martian sols, at midnight (00:00), the system compares predicted
and observed conditions and applies calibrated corrections to compensate for cumulative
model drift and to keep the simulation aligned with empirical baselines.
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Rendering and Visualization System

The rendering subsystem provides an intuitive interface for monitoring the simulation and
analysing results. The environment and agents are continuously drawn to produce a clear
visual representation of ongoing operations. Real-time climate information (temperature,
pressure, wind speed and radiation) is presented to support situational awareness and data
inspection.
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Results

In this chapter we present and discuss the results arising from the implementation of the
proposed systems. The analysis adopts both quantitative and qualitative perspectives to
provide a comprehensive assessment of the effectiveness of the developed approaches, with
particular emphasis on the climate forecasting system and the MARL framework.

The discussion focuses on three principal axes: (i) performance, with respect to the ac-
curacy, efficiency, and predictive capability of the models; (ii) robustness, understood as
the systems’ resilience to adverse conditions and environmental variability; and (iii) practi-
cal applicability, emphasizing the feasibility of deploying the proposed solutions in real-world
robotic exploration scenarios in unknown environments.

Accordingly, this chapter not only consolidates the contributions achieved but also highlights
the potential of the proposed approaches to advance the state of the art at the intersection
of environmental forecasting and autonomous decision-making in robotic systems.

5.1 Climate forecasting system

In this section, we present the results obtained with the developed climate forecasting system,
which integrates advanced data-imputation techniques and time-series models to predict
critical meteorological variables in challenging environments, such as the Martian surface.

5.1.1 Results from Simple Imputer and KNN Imputer

With the data imputed, we can perform a more detailed inspection of the resulting time series
and their behaviour. Figure 5.1 presents three scenarios: (1) the SimpleImputer prediction
for SOL 62; (2) an example of a filled SOL to illustrate typical behaviour across a day–night
cycle; and (3) the same SOL filled using the KNN imputer. From the comparison, the KNN
imputer provides superior fidelity to the diurnal patterns of the LOCAL_RELATIVE_HUMIDITY
feature, better preserving day–night variability.

5.1.2 Results from Random Forest and VAE

The Random Forest model demonstrated performance much superior to the VAE in the task
of imputing horizontal wind speed. In tests with synthetic data, the RF achieved a MAE
of 0.0264 and a determination coefficient (R2) of 0.9462, indicating high precision and
strong explanatory power. The VAE, on the other hand, presented a higher MAE (0.1376)
and a negative R2 (-0.1023), suggesting that its predictions did not adequately capture
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Figure 5.1: Comparison of Relative Humidity Imputation Methods

the patterns of the target variable, and were even worse than simply using the mean as a
predictor.

Despite the poor standalone performance of the VAE, its weighted inclusion in the ensemble
marginally contributed to the diversity of predictions, which may help to slightly smooth out
noise and improve the robustness of the final model. However, the combination of models
strongly favoured the RF (with a weight of 95%), given its much superior performance. The
resulting combination maintained a low MAE (0.0271) and a high R2 (0.9431), showing that
the ensemble strategy did not compromise predictive quality.

The application of physical constraints (such as not allowing negative values of wind speed)
and temporal smoothing with a moving window ensured that the final results were physically
plausible and consistent with the expected behaviour of the Martian atmosphere. Validation
with masked data reinforced the reliability of the approach adopted before applying the model
to the unlabeled real data.

In summary, the Random Forest is clearly the dominant model in terms of performance and
reliability, while the VAE, despite being conceptually promising, had very limited utility in
this specific context. Even so, the combination of the two, when well calibrated, allowed for
taking advantage of the best of each, with robustness and respect for the physical constraints
of the domain.

5.1.3 Results from N-BEATS and LSTM

After training the N-BEATS and LSTM models, a performance comparison was conducted
based on the MAE metric for the training and validation sets. Figure 5.2 shows the loss evo-
lution over 100 epochs, allowing us to observe the convergence dynamics of each approach.

It is evident that N-BEATS exhibited a faster and more stable learning curve, reaching low
losses early in the training and maintaining consistency between training and validation. In
contrast, LSTM started with significantly higher losses, converging more slowly and stabil-
ising at a level higher than that of N-BEATS.

At the end of the process, N-BEATS achieved superior performance, with the validation loss
stabilising around 1.0, while LSTM remained at higher values, close to 5.0. These results
highlight the greater efficiency and generalisation capacity of N-BEATS compared to LSTM
for the analysed problem.
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Figure 5.2: Learning Curves for N-BEATS and LSTM Models

Figure 5.3: Comparison of Mean Absolute Error (MAE) by Variable and Data
Set

Figure 5.3 presents a detailed comparison of performance by meteorological variable, high-
lighting the MAE obtained for both validation and holdout sets. Overall, the N-BEATS
model demonstrated superior performance for most variables:

• For AIR_TEMP_C, N-BEATS achieved a MAE of approximately 1.05 (validation) and
1.25 (holdout), while LSTM showed slightly higher values, around 1.35 and 1.7, re-
spectively.
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• For GROUND_TEMP_C, both models performed similarly in validation (∼0,95 for N-
BEATS and ∼1,35 for LSTM), but in the holdout set, the difference was more pro-
nounced: 1,2 for N-BEATS compared to 1,7 for LSTM.

• The variable LOCAL_RELATIVE_HUMIDITY showed the largest discrepancy: N-BEATS
maintained errors close to 0.5 (validation) and 1.2 (holdout), while LSTM ranged from
0.6 in validation to over 2.5 in holdout.

• For HORIZONTAL_WIND_SPEED, both models exhibited low errors, around 0.4–0.6 in all
scenarios, with N-BEATS slightly leading in validation and LSTM in holdout.

• Finally, for the variable RDS_T, the performances were quite close, with N-BEATS
obtaining about 0.3 (validation) and 0.45 (holdout), while LSTM showed values around
0.4 and 0.55, respectively.

Quantitatively, the N-BEATS model outperformed in 4 out of 5 predicted meteorological
variables, especially for GROUND_TEMP_C and LOCAL_RELATIVE_HUMIDITY, where it showed
considerably smaller error margins. The only case where LSTM had a slight advantage was
in predicting HORIZONTAL_WIND_SPEED, although the difference compared to N-BEATS was
marginal.

Figure 5.4: Comparison between actual and forecast values (N-BEATS -
Holdout)

From a qualitative perspective, the prediction curves indicate that N-BEATS tends to pro-
duce smoother outputs that align more closely with the expected behaviour of the real
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Figure 5.5: Comparison between actual and forecast values (LSTM - Hold-
out)

series, particularly during periods of gradual oscillation, as illustrated in Figures 5.4 and
5.5. The residual-block structure and sequential decomposition typical of N-BEATS en-
courage this behaviour because the model can capture trend and seasonal components in
an interpretable way. By contrast, while the LSTM is effective at modelling long-range
dependencies, its forecasts exhibited greater variance and noisier behaviour—especially for
wind and relative-humidity variables—likely due to LSTM’s sensitivity to input noise in highly
variable datasets.

Additionally, training time was comparable between the two models: N-BEATS completed
adjustment in 94 epochs and LSTM in 82 epochs, given the use of strategies such as early
stopping and GPU acceleration. However, N-BEATS required more memory because of its
stacked-block architecture, whereas the LSTM proved computationally lighter.

In summary, the results indicate that N-BEATS was more effective for the multivariate Mars
weather forecasting task, combining consistent quantitative performance with smoother and
more stable visual forecasts. LSTM remained competitive on specific variables, reinforcing
its suitability as a complementary approach. Model selection can thus be guided by mission-
specific requirements and resource constraints.
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5.2 MARL System

The system developed includes a MARL module that enables autonomous coordination
among transporter agents via individualized decision policies. This section presents a quan-
titative analysis of the results obtained from executing the implemented system.

5.2.1 MARL System Architecture

The implemented MARL system follows a decentralized design in which each agent maintains
an individual decision policy, allowing behavioral specialization while supporting global task
coordination. The architecture comprises the following core components:

• Individual Policies: Each agent i maintains a policy πi(θi) parameterized by weights
θi = {wdist, wload, wconf, weff, wrisk};

• Auction Mechanism: A bid-based coordination mechanism for task allocation;

• Reinforcement Learning: Policy updates driven by rewards obtained from successful
task execution;

• State Persistence: Policy storage to preserve learning across sessions.

5.2.2 System Performance Metrics

The quantitative evaluation of the MARL system was conducted on real execution data
collected during September 2025. The results demonstrate the effectiveness of the imple-
mented approach.

Coordination and Learning

The system was evaluated with N = 2 transporter agents operating across multiple simula-
tion sessions. Key metrics are shown in Table 5.1.

Table 5.1: Performance Metrics of the MARL System

Metric Value

Trained agents 2
Total coordination decisions 63
Rewards assigned 50
Successful coordination rate 79.4%
Mean reward per agent 0.794

The successful coordination rate of 79.4% indicates a substantial effectiveness of the auction-
based allocation mechanism in assigning and executing tasks among autonomous agents.

Policy Diversification

The analysis of behavioral differentiation among agents reveals significant specialization in
the learned policies. Figure 5.6 presents a comparison of policy weights between the trained
agents.
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Figure 5.6: Comparison of policy weights across MARL agents. Parameter
diversity indicates adaptive behavioral specialization.

Policy diversity was quantified using the coefficient of variation CV = σ
µ for each policy

parameter. The results, shown in Table 5.2, demonstrate notable differentiation, particularly
for the confidence_bias parameter.

Table 5.2: MARL Policy Diversity Analysis

Policy Parameter Diversity (CV ) Range Interpretation

confidence_bias 0.256 [1.18, 2.00] High specialization
risk_tolerance 0.221 [0.83, 1.29] Moderate differentiation
distance_preference 0.196 [0.58, 0.87] Distinct spatial strategies
efficiency_focus 0.092 [1.60, 1.93] Low variation
load_tolerance 0.042 [1.03, 1.12] Homogeneous behavior

5.2.3 Learning Performance Analysis

Individual agent performance during the learning process is illustrated in Figure 5.7, which
shows the distribution of decisions and rewards among the trained agents.

Agent transporter_0 exhibited higher decision activity (35 decisions) compared to transporter_1
(28 decisions), while maintaining comparable success rates. This disparity in activity sug-
gests emergent specialization driven by the specific task distributions encountered during
training.

5.2.4 Scalability Analysis

To evaluate the benefits of the multi-agent approach, a scalability study was performed com-
paring configurations with different numbers of explorer agents. The results are presented
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Figure 5.7: Individual learning performance of MARL agents. (a) Comparison
between decisions made and rewards obtained. (b) Coordination success rate

per agent.

in Figure 5.8.

Figure 5.8: Scalability analysis of the multi-agent system. (a) Territorial
coverage evolution as the number of explorers increases. (b) Correlation

between number of agents and samples discovered.

The results indicate a positive linear correlation between the number of agents and system
performance:

extCoverage(%) = 2.535× Nagents + 0.415 (5.1)

extSamples = 1.0× Nagents (5.2)

where Nagents denotes the number of explorer agents in the system.
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5.2.5 Multi-Agent Efficacy

The comparison between single-agent and multi-agent configurations reveals substantial
benefits of coordinated operation. The configuration with three explorer agents achieved
a 192.9% improvement in territorial coverage compared to the single-agent configuration
(2.95% vs. 8.65%).

Table 5.3: Single-Agent vs Multi-Agent Performance Comparison

Configuration Final Coverage (%) Samples Discovered Improvement (%)

1 Explorer 2.95 1.0 —
3 Explorers 8.65 4.0 +192.9
5 Explorers 10.02 5.0 +239.7

5.2.6 System Overview

Figure 5.9 provides an integrated view of the MARL system metrics, including system matu-
rity, policy diversity, temporal evolution of coverage and the quantified benefits of multi-agent
coordination.

Figure 5.9: Integrated overview of the implemented MARL system. (a)
System maturity metrics. (b) Policy weight diversity matrix. (c) Temporal
evolution of coverage for different configurations. (d) Analysis of multi-agent

benefit.
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5.3 Discussion of Results

At the level of climate forecasting, the experimental results demonstrate that the system was
able to capture several of the expected diurnal and seasonal patterns, particularly with respect
to air and ground temperature variables. Furthermore, the model reproduced correlations
typically observed during episodes of abrupt decreases in atmospheric pressure, as well as
the secondary effects of these events on other measurements. Nonetheless, a limitation was
identified in relation to missing observations on specific sols. This data sparsity introduced
bias into the model and, in some instances, caused its predictive behaviour to approximate
that of a simple autoregressive mechanism. Despite this limitation, the model proved capable
of identifying meaningful patterns and of producing forecasts with a reasonable degree of
accuracy, thereby establishing a robust foundation for subsequent research.

Beyond the climate-forecasting component, the results also corroborate the effectiveness of
the proposed MARL implementation. The system achieved a coordination rate of 79.4%,
which evidences that the auction-based allocation mechanism enabled efficient task assign-
ment among autonomous agents. Moreover, the policy-diversity analysis revealed significant
behavioural differentiation, particularly with respect to the confidence_bias parameter (CV
= 0.256), suggesting the emergence of complementary strategies and a process of func-
tional specialization among the agents. Another relevant aspect concerns the scalability of
the architecture: the linear relationship observed between the number of agents and system
performance (Equations 5.1 and 5.2) indicates that the approach can be expanded to larger
multi-agent configurations without loss of efficiency. Finally, the experiments quantified
the benefits of the multi-agent configuration, revealing a 192.9% improvement in territorial
coverage when compared to single-agent baselines, thereby reinforcing the advantages of
coordinated strategies in complex environments.

Taken together, these findings are encouraging and point towards multiple promising research
directions. It is important to emphasize, however, that the present analysis constitutes an
initial evaluation, conducted with only two transporter agents and over a limited timeframe.
As such, the obtained policies have not yet fully converged, which highlights the need for
further refinement.

Future work should therefore focus on evaluating the generalization capacity of the proposed
architecture in environments with different characteristics, as well as on exploring the effects
of larger agent populations and longer training horizons.
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Conclusions

In this chapter, an overview of the study developed, and the objectives achieved are pre-
sented. Following the study results, the limitations encountered, and future work suggestions
are presented.

6.1 Summary and Objectives Achieved

This study proposed the development of a simulation framework that leverages MARL to
advance autonomous robotic exploration in uncertain environments. The approach empha-
sized adaptive coordination among specialized agents within dynamic settings modeled from
real planetary data. By integrating neural forecasting techniques to anticipate environmen-
tal variability, the project sought to strengthen system robustness and address the critical
challenges of autonomy under communication delays.

The present study investigates the central research question: To what extent does the inte-
gration of MARL algorithms with dynamic environmental simulations enhance the efficiency
and autonomy of robotic exploration in uncharted terrains, such as the Martian surface? To
address this question, a simulation framework was developed that integrates MARL with cli-
mate forecasting models constructed from planetary datasets. The framework was designed
to approximate realistic environmental variability, thereby allowing robotic agents to adapt
their coordination strategies under conditions intended to emulate the uncertainties likely to
be encountered during extraterrestrial exploration.

The results indicate that, while the simulation is not fully realistic, it already incorporates a
range of physical constraints and environmental dynamics inspired by the Martian context.
This approximation to reality is an important step because it enables evaluation of agent
performance in scenarios that respect plausible physical limitations.

With respect to the climate-forecasting system, the application of data-imputation tech-
niques successfully mitigated gaps in the records and preserved the coherence of diurnal vari-
ability. Model comparison showed that N-BEATS stood out for its consistency and robust-
ness, capturing seasonal patterns and trends more effectively than the alternatives tested.
Although models such as LSTM and VAE proved useful in specific contexts, N-BEATS was
better suited for multivariate forecasting in highly variable environments. Consequently, the
meteorological forecasts contributed to the resilience of autonomous exploration by providing
agents with advance information about critical environmental conditions.

The implemented MARL module demonstrated that efficient coordination among agents can
be achieved through decentralized policies and auction-based task-allocation mechanisms.
A near-80% success rate confirms the viability and effectiveness of the negotiation process.
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Policy analysis further revealed emergent specialization: agents developed distinct and com-
plementary strategies, adapting their behaviour to contextual demands. Another notable
outcome was the system’s linear scalability, which showed that adding agents yields propor-
tional improvements in territorial coverage and sample discovery. Compared to single-agent
configurations, multi-agent setups produced substantially greater coverage gains—exceeding
190% in the scenarios evaluated.

Accordingly, the primary objectives set at the outset of this study have been broadly met.
We developed a climate-forecasting system adapted to Mars-like conditions, implemented a
multi-agent coordination module capable of generating specialized and complementary be-
haviours, and demonstrated the added value of collective approaches over isolated solutions.
Crucially, these two components were integrated within a single simulation environment,
showing that environmental forecasting can be effectively combined with multi-agent learn-
ing to enhance the robustness and autonomy of robotic exploration systems.

Despite these advances, several limitations should be noted. The simulation does not yet
capture the full complexity of the Martian environment—neither in terms of climatic gran-
ularity nor with respect to extreme or unanticipated events. Similarly, agent learning was
evaluated over relatively short time horizons, which does not guarantee full generalization
to longer or more adverse scenarios. These limitations, however, point to clear avenues for
future work, including the incorporation of higher-resolution climatic datasets, the integra-
tion of additional virtual sensors, and experimentation with more sophisticated algorithms,
including quantum-enhanced variants of evolutionary and reinforcement-learning methods.

In summary, the findings indicate that integrating MARL with dynamic environmental simu-
lations significantly improves the efficiency and autonomy of robotic exploration in unknown
terrains such as the Martian surface. By combining these approaches, agents can antici-
pate critical environmental conditions via forecasting, autonomously adjust individual policies
based on context, and cooperate in a coordinated manner to maximize territorial coverage
and sample discovery. This process yields more efficient exploration with reduced redundancy
among agents and greater adaptability to environmental variability and uncertainty, demon-
strating that coupling MARL with realistic simulations is a decisive step toward autonomous
missions in unknown terrains.

Beyond the results obtained, advances in quantum computing present potentially disruptive
opportunities in this domain. Quantum algorithms applied to multi-agent learning and opti-
mization could enable simultaneous exploration of many candidate solutions with efficiency
orders of magnitude higher than classical methods, dramatically reducing the time required
for policy convergence and inter-agent coordination. In the context of autonomous explo-
ration on Mars, quantum approaches could not only accelerate adaptation to dynamic and
unpredictable environments but also allow the incorporation of more complex and detailed
climate models without prohibitive computational cost. Thus, quantum computing emerges
as a promising avenue to amplify the benefits of integrating MARL with environmental sim-
ulations, opening new perspectives for autonomous robotic missions with levels of efficiency,
robustness and autonomy that are currently unattainable.

6.2 Limitations and Future Work

Despite the progress achieved in this work, there remain methodological constraints and
development opportunities that deserve discussion. This section first summarizes the main
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limitations identified and then outlines potential directions for future research that could
help address these challenges and extend the scope of the proposal.

6.2.1 Limitations

This study has several limitations that should be taken into account when interpreting the
results.

First, the simulation does not fully capture the complexity of the Martian environment. The
N-BEATS model used for forecasting environmental variables exhibits a high dependence on
certain rapidly varying inputs. Such sensitivity can undermine forecast reliability whenever
those inputs are poorly estimated.

Second, the two-dimensional simulated environment represents another important limitation.
Although it enables a plausible assessment of agent performance under physical constraints,
it does not faithfully represent the three-dimensional complexity of Martian terrain, partic-
ularly with respect to spatial perception and navigation.

Third, parts of the agent system remain rule-based (for example, navigation and sample
detection). The absence of a fully reinforcement-learning-based architecture limits agent
adaptability and robustness in highly dynamic environments.

Finally, the evaluation was conducted with a small number of agents and over relatively
short time horizons. These restrictions hinder the generalization of results to larger and
more complex scenarios, as would be expected in real exploration missions.

6.2.2 Future Work

In light of the limitations above, several lines of future research may be pursued to enhance
the proposed system.

On the forecasting side, adopting more advanced variants of N-BEATS—such as N-BEATSx,
which incorporates exogenous variables—could reduce dependence on unstable inputs and
increase model robustness.

Regarding the simulation environment, migrating to a three-dimensional space and adding
additional virtual sensors and more realistic obstacles would enable a more faithful evaluation
of navigation and agent coordination.

With respect to the multi-agent architecture, progressively replacing rule-based modules with
reinforcement-learning components could foster greater autonomy, scalability, and adaptabil-
ity. In parallel, conducting simulations with larger numbers of agents and extended durations
will permit a more thorough investigation of scalability and system performance.

Finally, integrating more sophisticated methods—including quantum variants of evolution-
ary and reinforcement-learning algorithms—represents a promising avenue. Although still
exploratory, quantum computing has shown potential to accelerate convergence and im-
prove coordination in multi-agent systems. Research in this direction may pave the way for
future robotic exploration systems with substantially greater autonomy and resilience.
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