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Abstract

As humanity advances deeper into space, robotic
autonomy offers transformative potential. This
paper examines Human-Robot Interaction (HRI)
with a focus on how autonomous systems operate in
unstructured, extreme environments. We highlight
intelligent decision-making for exploration, habitat
construction, and resource extraction, drawing
parallels between human-led and robot-driven missions.
Using the Autonomy Levels for Unmanned Systems
(ALFUS) framework, we assess planetary robots across
mission complexity (MC), environmental complexity
(EC), and external system independence (ESI). The
Autonomy and Technology Readiness Assessment
(ATRA) method provides a roadmap for progressive
capability enhancement. Building on these, we propose
Autonomous Robotics for Planetary Exploration
(ARPE), a framework defining robotic roles and
linking theory to application, and outline future
research on long-term robotic sustainability in extreme
environments.

Keywords: Autonomous robotics, planetary
exploration, space robotics, human-robot interaction.

1. Introduction

As humanity ventures further into space, the
challenges of exploration, habitat construction, and
resource extraction demand innovative solutions
that leverage the strengths of both humans and
robots. Central to this endeavour is the concept of
robotic autonomy—the ability of a robotic system to
perform tasks independently without human input or
supervision (Beer et al. (2014)). Robotic autonomy,
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underpinned by intelligent decision-making, enables
robots to adapt to unexpected and unstructured
environments, enhancing their performance in complex
scenarios (Hoffman (2019)). In the context of
human-robot interaction (HRI), autonomy is crucial,
enabling robots to detect, analyse, and respond to
human intentions, thereby fostering safer and efficient
collaborative systems (Baird and Maruping (2021)).

Autonomous robots in space missions can
significantly ease astronauts’ physiological and
psychological burdens, especially during long-duration
operations. By handling routine tasks, robots
allow astronauts to focus on vital countermeasures
like exercise, crucial for preventing muscle loss,
cardiovascular decline, and stress (Bosutti et al. (2025)
and Franchi et al. (2022)). Additionally, robots that
support exercise routines—as coaches, partners, or
challengers—can boost motivation and adherence
through personalised, adaptive feedback (Bosutti et al.
(2025)).

However, the successful integration of autonomous
robots into space missions hinges on understanding the
dynamics of HRI, particularly how varying levels of
autonomy influence team coordination, goal alignment,
and trust. While prior research has explored these
dynamics in terrestrial settings (Chakraborti et al.
(2017), Demir et al. (2018), and Johnson et al.
(2012)), few studies have considered the unique
challenges of extraterrestrial environments, such as
communication delays, harsh conditions, and resource
scarcity. This gap in the literature underscores the
need for a comprehensive framework that integrates
robotic autonomy with HRI in space, providing a
structured approach to designing collaborative systems
that enhance mission efficiency and safety.

This paper re-envisions HRI within the context of



Increasing autonomy

Figure 1. Assessment of planetary robot autonomy

and operational interaction in extreme space

environments. The underlying idea is to gradually

increase autonomy levels for human-robot interaction

(HRI) in off-world missions.

planetary exploration, focusing on how autonomous
robotic systems and their human counterparts interact
with dynamic, unpredictable terrains while facing
the numerous challenges presented by limited
communication. We analyse the role of autonomy
in robotic exploration and its impact on mission
adaptability, drawing comparisons between traditional
human-led space missions and autonomous planetary
operations, as shown in Fig. 1. By examining the
effects of increasing autonomy, we aim to advance
robotic exploration through a systematic study of
self-sufficiency. Similar to how human astronauts rely
on mission control for strategic guidance, autonomous
planetary robots initially require remote supervision.
As autonomy increases, they transition to self-directed
operations, adapting navigation routes, responding
to unforeseen hazards, and executing scientific tasks
independently. Ground control assumes the role of
high-level mission planners, ensuring that robots
learn from past missions and refine their operational
efficiency. Understanding these parallels can provide
insights into the development of next-generation
autonomous planetary systems and their integration into
long-term space missions.

To ensure a structured methodology, the
Autonomy Levels for Unmanned Systems (ALFUS)
framework (Huang et al. (2005)) is applied to evaluate
the autonomy of planetary robots, considering mission
complexity (MC), environmental complexity (EC),
and external system dependence (ESI). Additionally,
the Autonomy and Technology Readiness Assessment
(ATRA) methodology is utilised to incrementally

develop robotic capabilities, ensuring a systematic
progression toward higher autonomy while addressing
both technological and operational challenges.

This work introduces a conceptual framework for
planetary exploration, termed Autonomous Robotics
for Planetary Exploration (ARPE). The framework
defines and contextualises the roles of key robotic
agents, leveraging established autonomy frameworks to
provide a structured approach to increasing autonomy
in planetary robotics. This research aims to provide
a step-wise approach for enhancing planetary robotic
guidance, navigation, and control (GNC) capabilities,
targeting various autonomy levels. By doing so,
the paper not only contributes to the evolution of
autonomous space exploration but also advances HRI
research by exploring the interaction dynamics between
autonomous robotic systems and extreme planetary
environments.

The paper is structured as follows. A review of
related research is provided in Section 2. Section 3
discusses the unique challenges of planetary robotic
operations and the role of autonomous systems. In
Section 4, we apply the ALFUS framework to analyse
autonomy within planetary missions. Section 5
explores the ATRA methodology and its implications
for developing self-sufficient planetary robots. Based
on these methodologies, the Autonomous Robotics
for Planetary Exploration (ARPE) framework is
introduced. In Section 6, human factors are
described. Section 7 presents a case study evaluating
the framework’s applicability in planetary robotic
operations. A discussion is outlined in Section 8.
Conclusions and future directions are discussed in
Section 9.

2. Related Works

2.1. Robot Autonomy

Robot autonomy—the capacity to perform tasks
without human intervention—is driven by integrated
perception, decision-making, and control (Beer et al.
(2014)). It enables adaptive behavior in unstructured
environments, improving robot performance in complex
settings (Goodrich and Schultz (2007) and Hoffman
(2019)). In HRI, autonomy enhances safety and
collaboration by enabling robots to interpret and respond
to human intent (Baird and Maruping (2021) and
Nikolaidis et al. (2017)).

In construction, autonomous systems improve
productivity and safety by handling repetitive and
hazardous tasks (Arashpour et al. (2016), Delgado et al.
(2019), and You et al. (2018)). Similarly, in space



exploration, autonomy addresses communication delays
and environmental challenges. NASA’s Perseverance
rover exemplifies this by autonomously navigating,
sampling, and making strategic decisions (Verma et al.
(2023) and Washington et al. (1999)).

Recent work integrates machine learning and virtual
environments to expand autonomy (Verma et al.
(2023)), yet challenges remain for robust performance
in unstructured, remote settings. This is critical as
autonomy underpins essential space tasks like habitat
construction and resource extraction. A structured
framework accounting for autonomy levels, system
independence, and environmental complexity is vital for
designing resilient, self-sustaining robots in planetary
exploration.

2.2. Humans In Space

Extended space missions pose physiological and
psychological risks, particularly in microgravity.
These include vestibular dysfunction impairing
balance and motor coordination, appetite loss, muscle
atrophy, and cardiovascular deconditioning (Bosutti
et al. (2025) and Franchi et al. (2022)). Bone
mineral density also decreases, increasing fracture
risk upon gravity restoration (Minetti et al. (2024)).
Additional maladaptations include fluid shifts causing
orthostatic intolerance and reduced blood volume,
alongside metabolic issues like insulin resistance and
mitochondrial dysfunction (Bosutti et al. (2025) and
Murgia et al. (2022)). Psychologically, confinement and
reduced interaction cause mood disturbances, especially
in active individuals (Sigitas et al. (2024)). While social
robots may alleviate isolation, the stress of confinement
persists.

Robotic autonomy offers a promising solution.
As autonomy increases, robots can manage routine
tasks, freeing astronauts for vital countermeasures
like exercise (Bosutti et al. (2025) and Franchi
et al. (2022)). Robots could also augment physical
training as adaptive partners, delivering feedback and
implementing electrical stimulation protocols. These
roles reduce cognitive load and support physical and
mental well-being. By embedding robots into daily life
and adapting to individual needs, autonomous systems
can enhance mission sustainability and astronaut
resilience during long-duration exploration.

3. Key Challenges in Planetary Autonomy

Advancing planetary robot autonomy involves
tackling challenges beyond typical robotics. These
robots must function in remote, unstructured,
and extreme environments with minimal human

oversight and significant communication delays,
making autonomous operation essential.

Planetary surfaces are unpredictable—featuring
rugged terrain, temperature extremes, radiation, and
dust storms. Robots must adapt to these hazards
dynamically, unlike terrestrial systems which operate in
controlled conditions.

Communication delays between Earth and space
prohibit real-time control. Robots must independently
assess surroundings, navigate, and manage emergencies
using local sensor data, ensuring mission continuity
without ground input.

Limited power and computing resources further
constrain autonomy. Space hardware lags behind
terrestrial systems in performance, and power—often
solar—is scarce. Efficient, low-power algorithms are
required for reliable autonomous operations.

Future missions will likely rely on multi-robot
teams for tasks like habitat construction and resource
extraction. These robots must collaborate without
human input, dynamically adapting to evolving
objectives and conditions. Sophisticated task-allocation
and cooperation algorithms are needed to manage such
teams.

Robots must also detect and recover from failures
autonomously. With no human repair possible, onboard
fault detection and recovery are critical for sustained
operations.

Though direct HRI is constrained in space, human
operators still rely on interfaces to understand robot
behaviour and make informed decisions. Trustworthy,
transparent decision-making and intuitive feedback
mechanisms are vital. Robots must explain autonomous
decisions clearly to build operator trust and enable
seamless cooperation, even across long distances.

A key aspect of advancing autonomy in these
systems is trust and adaptability. Robotic systems must
gradually transition from simple, human-supervised
tasks to complete self-sufficiency, with each step
thoroughly tested in Earth-based analogues to ensure
reliability. This progression is supported by frameworks
like the Autonomy Levels for Unmanned Systems
(ALFUS) and the Autonomy and Technology Readiness
Assessment (ATRA), which offer structured pathways
to enhance autonomy in planetary robots. These
frameworks evaluate the complexity of the mission,
the environment, and the degree of independence
required, allowing for systematic improvements and risk
management.
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Figure 2. The proposed framework, named the Autonomous Robotics for Planetary Exploration (ARPE), is

based on the application of the ALFUS and ATRA methods to planetary robots.

4. Autonomy Levels for Unmanned
Systems (ALFUS) in Planetary
Robotics

When designing autonomous planetary robots,
it is crucial to assess their operational autonomy
across several dimensions. These dimensions include
environmental complexity (EC), which refers to the
ability of the robots to navigate and function within
dynamic, highly uncertain planetary environments, such
as rough terrains, extreme weather conditions, or
unknown geological formations; mission complexity
(MC), which involves the range and intricacy of
tasks the robots must perform, such as conducting
scientific experiments, gathering samples, navigating
unpredictable landscapes, and collaborating with other
robots or systems; and external system independence
(ESI), which measures the degree to which these
robots can operate autonomously without relying on
Earth-based control, communication, or external human
intervention.

Based on these metrics, the Autonomy Levels For
Unmanned Systems (ALFUS) framework (Huang et al.
(2005)) can be adopted and applied to provide a
more in-depth overview for the design of autonomous
planetary robots, as shown in Figure 2. Regarding
external system independence (ESI), a spectrum of
autonomy levels (ALs) can be defined as shown in
Table1. Concerning environmental complexity (EC),
different ALs can be identified according to gradually
increased complexity, as shown in Table 2. With
reference to mission complexity (MC), various ALs can
be outlined according to gradually increased complexity,
as shown in Table 3.

The application of the ALFUS framework in
planetary robotics enables a clear roadmap for the
gradual increase in autonomy required for space
missions. By evaluating mission complexity,

environmental complexity, and external system
independence, the ALFUS levels help define the
stages of robotic capability development, from basic
teleoperation to fully autonomous systems capable
of self-sustaining operations. The framework serves
as a critical tool in guiding the design and testing of
planetary robots, ensuring that each robot reaches its
full potential in terms of both autonomy and mission
success.

In conclusion, the ALFUS framework provides
a structured approach to enhancing planetary robotic
autonomy. As robots advance through the autonomy
levels, they will be able to perform increasingly
complex tasks independently, ensuring the success of
long-duration space missions where human involvement
is limited or delayed. The progression through these
levels will enable robotic systems to meet the growing
demands of space exploration, ultimately contributing
to humanity’s ability to sustain life on other planets.

5. Autonomy and Technology Readiness
Assessment (ATRA) and HRI in
Planetary Robotics

To systematically evaluate the Autonomy Levels
(ALs) of planetary robots deployed for space
exploration, the Autonomy and Technology Readiness
Assessment (ATRA) framework (Kendoul (2013))
may be adopted, as illustrated in Fig.2. The ATRA
framework integrates both autonomy levels and
Technology Readiness Level (TRL) metrics to provide
a holistic evaluation. Inspired by its application in
similarly complex robotic systems, such as snake
robots (Sanfilippo, Wiley, and Rousi (2025) and
Sanfilippo et al. (2017)), this framework can be
employed to deliver a comprehensive understanding
of how planetary robotic systems can progressively
achieve mission objectives. In the following, a
nine-level scale framework is proposed based on the



Table 1. Autonomy Levels (AL) of Planetary Robots

Based on External System Independence (ESI)

AL ESI Description
1 High

Dependence
Robots fully reliant on
Earth-based control; no
autonomy, functioning as
remote-controlled devices.

2 High
Dependence

Limited autonomy; robots
assist with basic functions like
navigation or data collection,
still requiring significant human
control.

3 Moderate
Dependence

Robots can execute predefined
tasks autonomously when
prompted, but rely on
Earth-based systems for
complex decisions or
emergency response.

4 Moderate
Dependence

Robots handle routine tasks
autonomously but require
external help for unexpected or
strategic scenarios.

5 Low
Dependence

Robots make autonomous
decisions in controlled
environments, relying
minimally on Earth-based
systems for high-level
oversight.

6 Low
Dependence

Adapt to dynamic planetary
environments with occasional
Earth-based input, managing
complex mission strategies
autonomously.

7 Very Low
Dependence

Mostly autonomous,
collaborating with humans
during critical moments,
needing minimal external
support.

8 Minimal
Dependence

Independently manage chaotic
planetary environments,
consulting Earth-based systems
primarily for post-mission
analysis.

9 Complete
Independence

Fully autonomous, operating
independently of Earth control,
learning and adapting in
real-time without external
input.

gradual increase (autonomy as a gradual property) of
guidance, navigation, and control (GNC) functions
and capabilities. The proposed framework is named

Table 2. Autonomy Levels (AL) of Planetary Robots

Based on Environmental Complexity (EC)

AL EC Description
1 Static Simple, controlled environments

like indoor labs or flat, stable
surfaces; robots perform basic
tasks with no dynamic elements.

2 Slightly
Dynamic

Environments with minor changes;
robots manage basic navigation
with small, predictable obstacles
such as rocks or debris.

3 Controlled
Dynamic

Environments with predictable
dynamics such as slow-moving
terrain or minor obstacles; robots
begin to react to these changes.

4 Moderate
Dynamic

Environments that are more varied
with multiple dynamic elements,
such as uneven terrain or slight
environmental changes like wind
or temperature.

5 Highly
Dynamic

Complex, rapidly changing
environments with unpredictable
factors like dust storms or terrain
shifts; robots need to adapt
continuously to new conditions.

6
Semi
Unpredict-
able

Highly dynamic environments
with semi-unpredictable factors
like varying terrain and potential
obstacles; robots must anticipate
and adapt.

7
Unpredict-
able Environments with frequent,

sudden changes and unknowns;
robots must make real-time
decisions in complex, unforeseen
scenarios.

8 Chaotic Environments with chaotic
dynamics, such as dust storms or
rapidly shifting landscapes; robots
operate with high adaptability and
real-time strategy adjustments.

9 Extremely
Chaotic

The highest level of environmental
complexity; robots autonomously
manage extreme unpredictability
and continuous environmental
changes, such as planetary quakes
or massive dust clouds.

Autonomous Robotics for Planetary Exploration
(ARPE).

Level 1: Fully Dependent on Human Control. At



Table 3. Autonomy Levels (AL) of Planetary Robots

Based on Mission Complexity (MC)

AL MC Description
1 Basic

Movements
Robots perform simple actions
such as basic movement,
obstacle avoidance, or simple
sample collection without
specific mission goals.

2 Simple Task
Execution

Robots complete
straightforward tasks like
moving to a target location
or taking a single set of
measurements.

3 Basic
Interaction

Robots interact with the
environment in simple,
predictable ways, such
as collecting samples or
performing environmental
scans.

4 Coordinated
Task
Execution

Robots perform coordinated
actions, such as working in
tandem to gather samples or
navigate together.

5 Tactical Play Robots begin to implement
simple mission strategies, such
as prioritising objectives or
adapting to basic environmental
shifts.

6 Dynamic
Role
Adaptation

Robots dynamically adjust their
roles during the mission based
on environmental conditions or
shifting objectives, such as
switching between exploration
and resource extraction.

7 Complex
Strategy

Robots execute complex,
multi-step mission strategies,
such as coordinating with
other robots or responding
to unforeseen environmental
changes.

8 Autonomous
Mission
Management

Robots autonomously
manage all aspects of the
mission, including real-time
adaptation of strategies and task
re-prioritization.

9 Strategic
and
Long-Term
Planning

Robots not only manage
immediate tasks but also engage
in long-term mission planning,
learning from past experiences
and adapting strategies over
time.

the lowest level of autonomy, robots are fully dependent
on human operators. They function as remote-controlled
systems, with no decision-making capability of their
own. Human operators guide every action, from
navigation to task execution, and the robot responds in
real-time to external commands. This level of autonomy
is typical during early stages of mission testing or
when robots are deployed in environments where human
supervision is required for safety reasons.

Level 2: Limited Autonomy with Human
Assistance. At this level, robots begin to execute
predefined tasks autonomously but still rely heavily on
human oversight. They may perform basic functions
such as moving along a specific route or carrying out
simple tasks like taking images or collecting samples.
However, more complex decision-making, such as
navigating obstacles or responding to unexpected
environmental changes, requires human intervention.
This level of autonomy is useful for missions in
controlled or partially unpredictable environments
where safety and reliability are paramount.

Level 3: Moderate Autonomy with Supervisory
Control. In this stage, robots can handle more
complex tasks autonomously, such as terrain analysis,
sample collection, or simple navigation adjustments.
However, they still rely on external guidance for
complex decision-making. The robot may react to some
environmental changes autonomously, such as avoiding
obstacles or adjusting speed based on terrain conditions,
but more advanced tasks—such as re-planning a
route in response to a sudden hazard—require human
supervision. This level is suitable for missions where
robots need to perform basic autonomous actions but
still need frequent input from mission control.

Level 4: High Autonomy with Occasional Human
Intervention. At this level, robots can perform a wide
range of tasks independently. They are capable of
dynamic decision-making, such as adjusting their path
to avoid unforeseen obstacles or adapting to changes
in the environment, like shifting terrain or temperature
variations. Human intervention is only required in rare,
complex situations, such as emergency decision-making
or significant re-planning. This level of autonomy
is essential for longer-duration missions, where robots
must work autonomously in challenging environments,
but still retain the option for remote oversight when
needed.

Level 5: Autonomous with Minimal Human
Involvement. Level 5 robots exhibit a high degree
of autonomy, capable of carrying out most mission
tasks without human input. They can handle complex
environmental factors, such as navigating through rough
terrain, adjusting to temperature shifts, and reacting to



unexpected events autonomously. Humans are involved
only in high-level mission planning and intervention
in cases of major system failure or critical mission
changes. This level is critical for missions in remote
locations, where continuous human communication is
impossible or impractical.

Level 6: Highly Autonomous with Limited
Human Interaction. Robots at this level of autonomy
are capable of managing all aspects of their mission
with minimal human involvement. They can adapt to
highly dynamic environments, make complex decisions
in real time, and coordinate with other robotic agents on
multi-robot tasks. Human intervention is almost entirely
limited to strategic decision-making or adjustments
in mission parameters. These robots are suited for
missions in extremely remote or hostile environments,
such as Mars or deep space exploration, where human
interaction is limited to pre-deployment planning and
post-mission analysis.

Level 7: Fully Autonomous with Collaborative
Capabilities. At this level, robots are fully autonomous
and can collaborate with other robots and humans. They
can manage complex mission objectives, interact with
environmental elements, and adjust strategies based on
real-time data. These robots are capable of performing
advanced tasks such as autonomous excavation, habitat
construction, and scientific research without human
assistance. Human interaction, if needed, is only for
high-level coordination and oversight. The ability to
collaborate with other autonomous systems makes this
level ideal for missions involving multi-robot teams
working together to achieve common goals.

Level 8: Near-Complete Autonomy with
Self-Optimization. Level 8 robots are capable of
near-total autonomy. They operate independently
across a wide range of environmental conditions and
mission types, utilising advanced learning algorithms
to optimise their performance over time. These robots
can self-monitor, identify areas for improvement, and
adjust their behaviours to enhance mission success.
Human involvement is minimal, typically limited
to post-mission data analysis or high-level strategic
planning. These robots are suitable for missions
that require extended durations and high levels of
adaptability, such as long-term planetary exploration or
asteroid mining.

Level 9: Fully Autonomous with Self-Sustaining
Capabilities. The highest level of autonomy is achieved
when robots can operate entirely independently, without
any need for human oversight or intervention. They
can manage all aspects of the mission, adapt to
dynamic environments, interact with other robotic
agents, and make decisions based on a combination of

pre-programmed goals and real-time data. These robots
are capable of performing complex, long-duration
missions that may involve maintaining themselves,
repairing minor faults, and optimising their systems for
extended operational life. Level 9 autonomy represents
the ultimate goal for planetary robotics, enabling fully
self-sustaining exploration systems that can operate
on distant planets or moons for extended periods,
contributing to humanity’s long-term space exploration
ambitions.

The ARPE framework currently assumes autonomy
levels rise equally across ESI, EC, and MC. In reality,
these dimensions may progress independently—e.g.,
high ESI can occur with moderate EC. Instead of a linear
path, autonomy should be viewed as a multidimensional
space with varying combinations shaped by context.
Adopting this flexible approach would enable ARPE
to better capture diverse space mission scenarios while
maintaining structured autonomy assessment.

6. Human Factors

The ARPE framework shows strong potential, but
varying autonomy levels introduce challenges for HRI.
Even highly autonomous robots require interaction,
making it crucial to examine autonomy’s impact on
coordination, goal alignment, and trust. Existing
research in this area is limited. This section outlines key
challenges, provide recommendations where possible,
and identify areas for future research.

Team coordination involves “strategies and patterns
of behaviour aimed to integrate actions, knowledge
and goals of interdependent members to achieve
common goals” (Rico et al. (2011, Pg.59)) and is
a key factor in team performance (Demir et al.
(2018)). While human-human teams rely on dynamic
coordination, human-robot teams often use more rigid
methods (Demir et al. (2018)). As autonomy increases,
coordination may become more flexible and adapt
to complex goals and environments. However, how
variable autonomy affects coordination in human-robot
teams remains unclear (Chakraborti et al. (2017), Demir
et al. (2018), Johnson et al. (2012), and Sellner et al.
(2006)). A comprehensive synthesis is lacking, and
existing work rarely addresses challenges specific to
space operations. Future studies should explore these
gaps, using the ARPE framework to better understand
autonomous coordination in extraterrestrial HRI.

Goal alignment is the extent to which an
agent’s goals correspond with those of its human
counterpart (Lee (2024), Li and Lee (2022), Salas
et al. (1995), and Salehzadeh et al. (2022)), enabling
efficient collaboration (Lee (2024) and Muggleton and



Chater (2021)) and reducing conflict and mission risk
when well-aligned (Li and Lee (2022)). Within the
ARPE framework, maintaining alignment becomes
increasingly challenging at higher autonomy levels
as decision-making grows more abstract, opaque,
and risky (Li and Lee (2022), Lyons et al. (2021),
Tallam (2025), and Vaassen (2022)). Highly
autonomous systems pose a “significantly higher risk of
misalignment and instrumental convergence” (Tallam
(2025, Pg.19)). Approaches for aligning human and
autonomous system goals exist (Lee (2024), Li and Lee
(2022), and Tallam (2025)) and, to a lesser extent, for
HRI (Zhang et al. (2025)). Notably, (Tallam (2025))
parallels ARPE, with Level 0 (“Reactive”) matching
lower autonomy and Level 3 (“Self-Directed”) higher
autonomy (Tallam (2025, p.21)). These principles could
inform HRI in space operations and warrant further
study.

Trust is defined as a willingness to be
vulnerable based on the belief that another will act
beneficially (Mayer et al. (1995, Pg.712)) and is critical
for effective collaboration (Lyons et al. (2019), Robert
(2020), Wiese et al. (2017), and You and Robert
(2018a)), including in HRI (Esterwood and Robert
(2020), Hancock et al. (2011, 2021), and You and
Robert (2018b)). Unlike humans, robots operate across
variable autonomy levels, complicating trust dynamics.
Many trust models in HRI assume static autonomy (Beer
et al. (2014), Firmino de Souza et al. (2025), and Law
and Scheutz (2021)), leaving it unclear how shifts in
autonomy, as seen in ARPE, affect trust development
and stability. While levels of automation—defined
as degrees of system control (Parasuraman et al.
(2000))—have been more explored, results are mixed,
showing no clear link between automation and
trust (Rani et al. (2000) and Schaefer et al. (2016)).
As robots gain adaptive autonomy, deeper research is
needed to understand how trust evolves across dynamic
autonomy levels. Without this, systems risk being
under- or over-trusted, leading to inefficiency or unsafe
behavior. Future work should study how users perceive
autonomy changes, calibrate trust accordingly, and how
design can support reliable trust across ARPE levels.

7. Mars Colonization Use Case

In the context of future Mars missions, effective
HRI will be vital to establishing sustainable habitats and
supporting long-term exploration objectives. Robotic
systems equipped with advanced functionalities—such
as robotic arms with integrated 3D printing
capabilities—will autonomously fabricate habitats
and structures utilising local regolith, thus reducing

dependency on Earth-supplied materials (Cesaretti
et al. (2014) and Netti (2025)). These construction
robots will operate under Environmental Complexity
(EC) Autonomy Levels 3-4, wherein they respond
to slow terrain shifts and surface irregularities,
executing coordinated construction tasks with minimal
human intervention. Meanwhile, higher-level tactical
planning, including complex task coordination and
environmental assessment, will be managed at EC
Levels 5-6 (Mission Complexity), enabling adaptive
responses to dynamic surface conditions and supporting
construction (Tamminen et al. (2016)).

Astronauts will oversee these processes and
intervene when tasks require precision, supported by
autonomous systems that adapt to contextual demands.
To ensure mission safety and foster trust, spatial
separation between human workspaces and robotic
operations will be maintained through geo-fenced or
physical boundaries, aligning with the principles of
the Robot Acceptance Safety Model (RASM). Such
spatial delimitation encourages team identification
and trust, which are crucial for mitigating perceived
risks and fostering continued cooperation with robotic
systems (Cabrol (2018) and You et al. (2018)).
Maintaining delineated work zones not only enhances
psychological safety but also supports a broad spectrum
of collaborative tasks, fostering effective HRI (You
et al. (2018)).

Beyond construction activities, robotic systems
will undertake resource extraction and environmental
management tasks, such as subsurface ice harvesting
for water and oxygen production. Additionally,
robots will perform autonomous self-diagnostics,
routine maintenance, and soil analysis for
biosignatures—activities essential for supporting
long-duration missions under extreme conditions (You
and Robert Jr (2024)). These systems are expected
to operate at higher levels of autonomy—EC
Levels 6-7—which encompass semi-unpredictable
to unpredictable environmental scenarios—and require
Mission Complexity (MC) Levels 6-7, involving
dynamic role adaptation and complex strategy
implementation (Tamminen et al. (2016)). Such
autonomy enables real-time role switching and
decision-making based on environmental cues, ensuring
sustainability and operational resilience.

In addition, for Mars colonisation, autonomous
robots will play a key role in:

• Habitat Construction: 3D printing technology
and robotic arms will build shelters using in-situ
materials (EC Autonomy Levels 3-4).

• Resource Mining: Robots will extract ice



for water and oxygen generation, supporting
long-term human missions (EC and MC
Autonomy Levels 6-7).

• Maintenance and Repair: Self-repairing robotic
systems will enhance mission sustainability by
detecting and fixing malfunctions (EC Autonomy
Levels 5–6 and MC Autonomy Levels 7-8).

• Scientific Exploration: Advanced AI systems will
analyse soil samples and search for signs of past
or present microbial life (EC and MC Autonomy
Levels 7-8).

This use case highlights the critical role of
robotic autonomy in enabling Mars colonization,
demonstrating how intelligent decision-making and
adaptive interaction can enhance mission efficiency and
safety. By drawing parallels between human-led and
robot-driven tasks, this paper provides a framework that
links robot autonomy to HRI, advancing the discourse
on collaborative systems in space exploration.

The proposed framework not only addresses the
immediate challenges of Mars colonization but also
sets the stage for future research and applications,
ensuring the success and sustainability of long-duration
planetary missions. By integrating autonomy into
the broader context of HRI, this work underscores
the transformative potential of robotics in advancing
humanity’s exploration of space.

8. Discussion

The ARPE framework addresses a gap in
current literature by offering a structured model
for human-robot collaboration in space missions,
including exploration, habitat construction, and
resource extraction.

In team coordination, this work builds on insights
from (Rico et al. (2011)) by showing how integrated
actions, knowledge, and goals improve shared
outcomes. Unlike human teams that coordinate
flexibly, robotic teams often depend on rigid
methods (Demir et al. (2018)). ARPE enables
more adaptive coordination by incorporating autonomy
levels to accommodate communication delays and
environmental constraints in space.

Regarding goal alignment, ARPE highlights the
necessity of matching robotic goals with human
intentions (Lee (2024), Li and Lee (2022), Salas et al.
(1995), and Salehzadeh et al. (2022)), as misalignment
can cause inefficiencies and risk (Tallam (2025)).
Higher autonomy levels increase decision opacity (Li
and Lee (2022), Lyons et al. (2021), and Vaassen
(2022)), demanding mechanisms to maintain alignment.

ARPE aligns with established taxonomies, such as Level
0 (reactive) to Level 3 (self-directed) systems (Tallam
(2025)), adapting goal-alignment principles to space
HRI.

In terms of trust, this work responds to the lack
of models addressing trust under changing autonomy
levels (Beer et al. (2014), Firmino de Souza et al. (2025),
and Law and Scheutz (2021)). ARPE expands on prior
models (Rani et al. (2000) and Schaefer et al. (2016))
by examining trust dynamics in adaptive systems,
which are critical for safe and efficient astronaut-robot
collaboration.

The framework also encourages testing in harsh
terrestrial analogue environments such as Arctic
expeditions, which offer realistic conditions for
simulating Martian HRI (Johnsen et al. (2021)).

Finally, while tailored for space, ARPE applies
to other domains—e.g., disaster response (Sanfilippo,
Moosavi, and Zafar (2025)), deep-sea exploration,
industrial settings, and eldercare robotics (Sanfilippo,
Fossum, and Hansen (2025))—by supporting robust
HRI in unpredictable environments.

9. Conclusion

This paper examined the dynamics of human-robot
interaction (HRI) in space exploration, focusing on how
autonomous systems can support mission tasks while
fostering trust and coordination among crew. Using
the Autonomy Levels for Unmanned Systems (ALFUS)
framework, we assessed autonomy through mission
complexity (MC), environmental complexity (EC), and
external system independence (ESI). The Autonomy
and Technology Readiness Assessment (ATRA) method
provided a roadmap for improving robot capabilities and
operational readiness. Based on these, we introduced
the Autonomous Robotics for Planetary Exploration
(ARPE) model, with a case scenario illustrating its
application. Future work should explore real-time trust
metrics, adaptive interfaces aligned with human states,
and explainable autonomy in mission-critical settings.
Extended Reality (XR) technologies and multimodal
cues may further enhance interaction fluency and
human-robot mutual understanding.
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