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Abstract

Lunar lava tubes are subsurface cavities generated by volcanic activity and are regarded
as promising targets for exploration because they can offer natural shielding and poten-
tially support future lunar infrastructures as protected shelters and scientific laboratories.
Autonomous navigation in these environments remains challenging due to the absence
of illumination, sparse or repetitive geometric features, uneven terrain, and intermittent
communications that limit teleoperation. In this framework, the Italian Space Agency (ASI)
is pursuing a dedicated mission, and OHB Italia has been appointed the prime contractor
to perform a candidate system-architecture study for lava tube exploration. This paper
presents the activities and results related to the definition of the subsurface Guidance,
Navigation, and Control (GNC) algorithm for a rover/hopper system. To address the above
constraints, this study investigates the requirements for autonomous onboard navigation,
focusing on sensor selection for Simultaneous Localization and Mapping (SLAM) as a
fundamental prerequisite for mission success. A weighted-criteria evaluation framework is
developed to assess various sensing modalities, considering mission-specific constraints.
Based on this analysis, a sensor configuration optimized for GPS-denied and unilluminated
environments is proposed. The effectiveness of the selected sensing architecture is vali-
dated through a simulation campaign conducted in simulation environments (CoppeliaSim
v4.10.0/MATLAB 2025a), using two representative SLAM pipelines (ICP and LOAM) in
LiDAR-only and LiDAR + IMU configurations. Finally, a modular Guidance, Navigation,
and Control (GNC) architecture incorporating frontier-based exploration is proposed.

Keywords: autonomous navigation; lunar lava tubes exploration; SLAM

1. Introduction

In the context of robotic exploration of the Solar System, the Moon is considered a
target of greatest interest, as it is the first and most accessible destination beyond low Earth
orbit (LEO) and as an intermediate step for future initiatives aimed at Mars [1].

The Moon has emerged as a focal point and frontier for deep space exploration,
ushering in a new era where both scientific investigation and space utilization are of
equal significance [2].
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The environments of extraterrestrial bodies are typically harsh, with extreme tem-
perature variations, frequent micrometeorite impacts, and intense cosmic radiation [3,4].
In addition, there is evidence that small particles comprising the lunar regolith can be
electrically charged, mobilized, and transported, also representing a hazard for covering
sensitive surfaces and interfering with exposed mechanical structures [5]. Therefore, long-
term human presence will first require identifying or establishing shelters that are safe,
stable, and durable. As a result, subsurface structures are particularly attractive because
they can offer natural shielding from these hazards.

Lunar lava tubes are subsurface cavities formed by volcanic processes on planetary
bodies [6] and could provide critical shelter for future infrastructure while enabling scien-
tific investigations that are difficult to conduct on the exposed surface.

From the standpoint of exploration, lava tubes present compounded operational
hazards: steep slopes at pit funnels, vertical drops, uneven terrain, complete absence of
natural illumination, and a partially unknown geometry. Solution based on spherical rovers
such as those described in [7,8] could be suitable for operation in this environment. In
addition, communications can be intermittent or severely attenuated, which reduces the
feasibility of continuous teleoperation and shifts the burden toward onboard autonomy [9].
These constraints imply that, to carry out exploration effectively, lava tube missions require
a robotic system that cannot rely on continuous ground supervision and must instead
localize and map onboard while planning safe motions toward scientific targets.

Within this context, the Italian Space Agency (ASI) is pursuing the development of a
robotic mission to the unexplored lunar surface, aimed at enabling autonomous exploration
of the environment inside lunar lava tubes. OHB Italia has been commissioned as the prime
contractor to develop a candidate mission architecture, including comparative trade-off
analyses at the system level. This work presents the activities and results obtained for
the definition of the surface Guidance, Navigation, and Control (GNC) algorithm for a
rover/hopper dedicated to lava tube exploration.

Ensuring reliable autonomous operation in such an unfamiliar and challenging
environment requires the rover/hopper to provide robust environmental perception,
high-precision positioning, and autonomous obstacle avoidance capabilities [10]. In the
complex and unknown lunar environment, lunar rover position and map creation should
be considered together, which is known as the SLAM (Simultaneous Localization and
Mapping) problem. SLAM refers to the robot constructing the surrounding environment
map incrementally when moving in an unknown environment, while simultaneously
estimating its own pose within that map [11]. The robot state is described by its pose
(position and orientation), although other quantities may be included in the state, such as
robot velocity, sensor biases, and calibration parameters. The map, on the other hand, is
a representation of aspects of interest (e.g., position of landmarks, obstacles) describing
the environment in which the robot operates [12]. The knowledge of the position of the
obstacles can support collision-avoidance algorithms, such as those described in [13],
while a digital twin of the system [14] can improve the capability to track the rover in
the absence of communication.

SLAM needs to use the external sensor to digitize the scene first. Although laser, sonar,
and other sensors are commonly used on ground robots, their application in planetary
subsurface environments is constrained by the complexity of the operating conditions [11].
The choice of sensing modality is therefore decisive, because it directly determines observ-
ability, failure modes, computational load, and power demand in a resource-constrained
planetary rover. Recent research on SLAM for lunar applications has produced a wide
range of solutions based on vision, LIDAR, and their combinations; however, performance
is often assessed in scenarios and with metrics that are not fully aligned with the distinctive
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constraints of lunar lava tubes (e.g., complete absence of illumination, severe link atten-
uation, intermittent texture/feature availability, and stringent limitations in power and
onboard computation).

Several advanced LiDAR-Inertial SLAM algorithms exist; the present study focuses on
the sensor suite selection rather than on the comparison of specific SLAM implementations.
ICP and LOAM were selected as representative algorithms to evaluate the incremental
benefit of IMU fusion in the target environment.

Motivated by the above, an analysis of sensing options for lava tube navigation is
conducted in this work.

Unlike approaches mainly focused on specific robotic systems or external communica-
tion strategy, this work addresses sensing and autonomous navigation from a mission-level
perspective, combining criteria-based sensor selection, simulation-based validation, and
system-level interpretation to support the definition of a navigation architecture under
lava tube constraints. The analysis and the simulations carried out to support it are re-
lated only to the navigation inside the lava tube, which is expected to extend for several
tens of meters in the absence of light. Sensor SLAM configurations are assessed using a
weighted-criteria evaluation framework designed to reflect mission-specific operational
needs and system-level constraints, with the aim of selecting the most suitable suite of
sensors for the specific mission. The resulting selection is then validated by testing ex-
isting SLAM algorithms from the literature, namely ICP and LOAM, each tested under
two sensing modalities: LIDAR-only and LiDAR + IMU. To generate realistic test data, a
lava tube-like environment and rover sensing are modeled in a physics-based simulator
(CoppeliaSim v4.10.0) [15]. The resulting LiDAR point clouds and IMU measurements
are exported and post-processed in MATLAB to benchmark localization performance and
quantify the contribution of IMU information to localization consistency.

Finally, the navigation outcomes are translated into a modular subsurface GNC archi-
tecture and an exploration-oriented operational logic consistent with lava tube constraints.

2. Navigation in Lava Tubes: Problem Setting and Constraints

Lava tubes are natural tunnels formed by lava flowing from volcanic vents. During
the flow of low-viscosity basaltic lava, the surface cools and solidifies, forming a crust. This
crust acts as an insulating layer, reducing the cooling rate of the lava inside. The molten
lava within continues to flow at high temperatures for hundreds to thousands of kilometers
until the source ceases to supply lava, resulting in a hollow tube known as a lava tube [16].

To date, more than 300 caves have been identified on the lunar surface; however, only
21 are considered potential entrances to underground lava tubes, with 16 located in the
mare regions and five in the highland region, as shown in Figure 1.

Figure 1. Collection of pits detected on the Moon—source NASA.

Lunar lava tubes are compelling candidates for future exploration infrastructure
because they provide strong natural protection from the harsh surface environment [17].
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Owing to the absence of both a substantial atmosphere and a global magnetic field, the
lunar surface is continuously exposed to Galactic Cosmic Rays (GCRs) and Solar Energetic
Particles (SEPs): estimated cosmic-ray doses can reach ~416 mSv/year, while SEP events
may deliver doses up to ~2190 mSv per event. In contrast, the radiation dose inside a lunar
lava tube is expected to be below ~1 mSv /year, indicating a dramatically safer environment
than the exposed surface [18].

In addition to shielding against high-energy particle bombardment, the ceilings of lava
tubes, with a shielding thickness on the order of meters to tens of meters, offer protection
against micrometeoroid impacts.

Furthermore, their association with volcanic terrains may offer additional in situ
resource opportunities, including access to volatile chemical species such as sulfur, iron, and
oxygen, together with pyroclastic debris that could be used as construction material [19].

However, the exploration problem is dominated by environmental constraints. En-
trances may be vertical or sloped, frequently associated with debris accumulation and
irregular, potentially sharp or unstable walls, complicating safe ingress/egress and increas-
ing mobility risk near the pit floor.

Inside the lava tubes, traversability is highly non-uniform due to rubble fields, cracks,
and local collapses.

INlumination is effectively absent beyond limited skylight penetration, pushing per-
ception toward active sensing and robust mapping/localization under uncertainty. Com-
munication represents another first-order constraint: rock shielding and curved/uneven
propagation paths lead to strong attenuation and multipath fading, often limiting band-
width and reliability and motivating relay/repeater architectures for sustained operations.

Similar challenges have been addressed in terrestrial subterranean robotics, where
autonomous navigation in GPS-denied and visually degraded environments has been
extensively studied [20].

Consequently, autonomous exploration in these environments requires robots and oper-
ational strategies capable of robust navigation under highly non-uniform traversability, along
with a carefully selected active sensing suite to ensure accurate mapping and localization
under severe uncertainty.

3. Evaluation Framework: Metrics and Design Criteria

Given the lava tube constraints described in Section 2—absence of natural illumination,
limited a priori knowledge of geometry, non-uniform traversability, and the need to operate
with bounded onboard resources and potentially intermittent data streams—the SLAM
subsystem must be selected through a structured trade-off rather than based on accuracy
alone. The purpose of this trade-off study is to identify the most suitable SLAM architecture
for supporting autonomous exploration of a lunar lava tube, accounting for mission-specific
requirements and the associated technical and programmatic risks.

An evaluation of different SLAM architectures (e.g., Visual, Visual-Inertial, RGB-D,
LiDAR-based, and LiDAR-Inertial) is conducted to select the most appropriate configura-
tion for the mission.

Candidate SLAM design solutions were evaluated using a set of criteria selected
to reflect mission-specific operational needs and system-level constraints. These criteria
capture the key technical factors that influence the performance, feasibility, and reliability
of each alternative.

The selected evaluation criteria are as follows:

e  Localization accuracy: The ability of the system to reliably estimate the rover’s position
and orientation over time.
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Robustness to environmental conditions: Resilience to variations in terrain morphol-
ogy and unknown structures.

Robustness to data interruptions: The capability to maintain localization performance
in case of temporary sensor data loss or degradation.

Lighting conditions: The system’s dependence on the availability of ambient or artifi-
cial light for correct operation.

Data processing speed: The ability to process sensory data in real time to support
timely localization and mapping outputs.

Energy consumption: The impact on the rover’s power budget, which is a critical
factor for mission duration.

Hardware complexity: The number and type of sensors required, and their impact on
onboard integration and data handling.

System integration complexity: The effort required to integrate the SLAM system with
the overall avionics and onboard software architecture.

In Table 1, each criterion was assigned a weighting factor (a value from 1 to 5) to reflect

its relative importance within the mission context.

Table 1. Evaluation criteria for lunar rover navigation and localization systems.

Criterion

Weight Justification

Localization Accuracy

Accurate localization is crucial for the rover to navigate
autonomously and effectively. This is the highest priority in
ensuring the rover can understand its position accurately in both
planned and unknown environments.

The ability to withstand changing environmental factors, such as

Robustness to Environmental Conditions 4 terrain variability, is essential but slightly less critical than

localization accuracy.

On the lunar surface, data interruptions are less critical because
the rover is teleoperated, and the operator can manage
interruptions. However, inside lava tubes, where the rover

Robustness to Data Interruptions 4 operates autonomously in an unknown and dark environment,

data interruptions could lead to severe navigation issues.
Therefore, robust handling of data interruptions is crucial
in lava tube navigation.

The impact of lighting conditions is important but less critical, as

Sensitivity to Lighting Conditions 3 some SLAM algorithms can function in a variety of light conditions,

especially when combined with LiDAR or other sensors.

Data Processing Speed

The low speed of the rover reduces the need for extremely fast data
processing, as the rover has more time to process sensor data.
3 However, real-time processing is strictly required for effective
navigation and map construction. Data processing speed is also
affected by the complexity of the algorithm.

Energy Consumption

Energy consumption of the GNC system (sensors and OBC)
can significantly affect the autonomy of the system.

Hardware Complexity

The integration of redundant sensors and systems increases the
overall hardware complexity. Ensuring mission continuity in case
3 of sensor failure requires sophisticated sensor fusion and data
management, which adds significant complexity to the design and
integration of the hardware.

System Integration Complexity

Integrating redundant sensors (such as multiple LiDAR or IMU)
adds significant complexity to the system. This is especially true for
the fusion of sensor data, calibration, and synchronization, all of
which are critical to ensure reliability in a harsh lunar environment.
The increased complexity also supports the need for a robust fault
tolerance system, which is essential in such a mission.
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4. Analysis Sensor Modalities for Subsurface Planetary Navigation

Following the definition of mission-driven evaluation criteria, the candidate SLAM
architectures are analyzed according to how their underlying sensor modalities (camera,
IMU, and LiDAR) address the principal lava tube constraints.

Four alternatives are considered: Visual-only SLAM, Visual-Inertial SLAM, LiDAR-only
SLAM, and LiDAR-Inertial SLAM.

Visual-only SLAM relies on visual sensors as the main data input for its application,
offering cost-effectiveness and rich visual information about the environment [21]. V-SLAM
estimates the rover’s pose and builds a map from monocular or stereo imagery through
feature extraction and temporal tracking. Although widely validated in terrestrial robotics,
its applicability in lava tubes is fundamentally limited by the need for reliable illumination
and sufficient texture, and it is sensitive to dust-induced occlusion and saturation effects,
yielding elevated operational risk despite high maturity in Earth settings.

Visual-Inertial SLAM augments vision with inertial sensors, improving short-term
motion observability. Inertial information (i.e., linear acceleration and rotational velocity
measured by the IMU sensor) is modeled by inertial navigation and can compensate for the
defects of visual information [22]. However, performance remains dependent on accurate
calibration and time synchronization, and the approach does not remove the intrinsic
dependence on usable imagery in persistently dark segments unless active lighting is
carried (with associated power and integration impacts) [23].

LiDAR-only SLAM relies on scan matching and point-cloud registration from active
range sensing, offering strong resilience to lighting conditions and generally robust behavior
in cluttered, unstructured environments. Compared with the visual SLAM, LiDAR-SLAM
can accomplish its own localization and mapping under more diversified environmental
conditions [24]. However, its reliability can degrade in locally smooth or repetitive geometry
where registration becomes ill-conditioned, and LiDAR payloads typically impose higher
mass/power and data-handling demands than camera-based stacks [25].

Finally, LIDAR-Inertial SLAM couples LiDAR registration with inertial propagation,
using the IMU to provide a motion prior that improves convergence and robustness under
partial occlusion, rapid maneuvers, or transient LIDAR degradation; this combination is
typically the most reliable in environments with minimal visual cues, at the cost of increased
system complexity and compute/power requirements that must be traded against overall
GNC budgets [26,27].

In Table 2, the alternatives are scored against the criteria defined previously, and the
total score is then computed using mission-driven weights.

The reported scores are assigned according to a qualitative criteria-based assessment
defined by the authors. This assessment accounts for the literature-supported characteristics
of the SLAM methods under consideration, as well as the operational constraints identified
for lunar lava tube exploration.

Specifically, the scoring of each architecture on criteria such as lighting sensitivity,
robustness to environmental conditions, and localization accuracy is based on the perfor-
mance trends and failure modes documented in [22-29], ensuring that the assigned values
reflect the published evidence.

Scores are assigned on a 1-6 scale, where 1 denotes the lowest performance and 6
denotes the highest performance, except where otherwise specified.

The outcome indicates that Visual-only SLAM and Visual-Inertial SLAM are penalized
by lighting dependence and reduced robustness under subsurface conditions.

LiDAR-based solutions provide the most favorable balance for subsurface navigation,
with LiDAR-only SLAM and especially LIDAR-IMU SLAM achieving the highest aggre-
gate performance; these approaches best satisfy the dominant mission drivers—lighting
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independence, robustness to environmental variability, and reliable localization—while
keeping resource and integration trade-offs within manageable bounds.

Table 2. SLAM architectures scored for trade-off analysis.

Weight Visual—Only Visual-Inertial LiDAR-Only LiDAR + IMU
SLAM SLAM SLAM SLAM
Localization accuracy 5 3 4 4 6
Robustness to environmental condition 4 2 3 4 6
Robustness to data interruptions 4 2 4 4 5
Sensitivity to lighting conditions 4 2 2 5 5
Data processing speed 3 4 3 3 2
Energy consumption 3 5 4 4 3
Hardware complexity 3 4 3 4 3
System integration complexity 4 5 4 4 3
TOTAL SCORE 101 104 120 128

To assess the stability of the resulting ranking, a sensitivity analysis was performed by
independently perturbing each criterion weight by 41 (on the 1-5 scale) while keeping all
scores fixed, and by perturbing individual scores by +1 while keeping weights fixed.

The ranking remains unchanged under all single-parameter perturbations. For
instance, decreasing the LiDAR-Inertial score for the highest-weight criterion (localization
accuracy) by 1 reduces its total score from 128 to 123, which remains higher than the
LiDAR-only total score (120). Conversely, increasing the LiDAR-only score in the same
criterion raises its total score to 125, still below the LiDAR-Inertial total score.

The sensitivity analysis confirms that the preference for the LiDAR-Inertial configura-
tion is robust, with the 8-point margin not being overturned by realistic single-parameter
variations. The LiDAR-only solution may therefore be considered a secondary option under
specific constraints.

5. MATLAB Simulation and Results

A dedicated simulation campaign was implemented to assess the SLAM architecture
selected through the trade-off and to verify its expected behavior in a representative
subsurface setting. The reference environment was reproduced in CoppeliaSim, while
post-processing and algorithm evaluation were performed in MATLAB.

The purpose of the simulation campaign is to verify the advantage of the chosen
sensor configuration (LiDAR + IMU) using two established and computationally different
approaches (feature-based vs. registration-based). A comparison between different existing
SLAM algorithms is not in the scope of this work.

Sensor datasets consisted of LiDAR point clouds generated from the simulator
using a rotating Velodyne VPL-16 model and inertial outputs obtained by combining
the accelerometer and gyroscope models, with additional noise injected in MATLAB
based on LN-200S specifications, from Northrop Grumman (Falls Church, VA, USA), to
emulate drift and achieve more realistic conditions.

In order to build the simulation environment, a search for possible 3D scenes repre-
sentative of a lava tube was performed. In [28], it is possible to find point clouds of craters
and tunnels considered by NASA to be of interest for the study of planetary exploration.
Figure 2 shows measurements of parts of these sites, provided as point clouds, and mesh
reconstructions made in MATLAB. These meshes, then imported into CoppeliaSim, form
the scene in which the rover navigates.

https://doi.org/10.3390/robotics15060109
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2

Figure 2. Point clouds of craters and tunnels—source NASA.

In the simulated environment (shown in Figure 3), the rover performs a rectilinear
trajectory while the LiIDAR sensor acquires point clouds of the surrounding environment
and the IMU records angular velocity and acceleration data. These datasets are stored
in .csv files and post-processed using MATLAB. The point clouds are reformatted to be
compatible with the algorithms, and noise is injected into the IMU data to better simulate
the selected sensors.

Figure 3. CoppeliaSim setup.

Within this framework, two LiDAR-based SLAM algorithms—ICP and LOAM—were
selected as test cases to compare localization performance in two sensing configurations:
LiDAR-only and LiDAR-Inertial. The goal is to use the simulation as a controlled bench-
mark to isolate and quantify the contribution of inertial information to localization con-
sistency, in order to verify the opportunity to adopt the selected architecture even if it
increases the complexity in the hardware and requires greater computation capability with
respect to simpler solutions.

The LOAM algorithm estimates the sensor motion by extracting distinct geometric fea-
tures (typically edge-like and planar points) from each LiDAR scan, downsampling them,
and aligning the current features to those from the previous scan to compute inter-scan
odometry [25]. The resulting pose estimate is subsequently refined through scan-to-map
registration against an incrementally constructed global map. When inertial measure-
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ments are available, IMU data are used to provide an initial motion prior, improving pose
initialization and increasing robustness during the optimization process.

Figure 4 illustrates the reconstructed trajectories in the XY plane. Both the standard
LOAM configuration and the LOAM + IMU configuration closely follow the ground-truth
trajectory, indicating accurate estimation of planar motion. This behavior can be attributed
to the strong geometric constraints typically available in the horizontal plane, where a
sufficient spatial distribution of edge and planar features ensures good observability. As
a result, the scan-to-scan and scan-to-map alignment processes remain well-conditioned,
limiting drift accumulation in the planar components.

Extracted Trajectories

= = +Acual position
LOAM + IMU
LOAM

Figure 4. X-Y plane trajectory reconstruction (LOAM).

In contrast, the vertical component, shown in Figure 5, exhibits more pronounced
discrepancies for the LIDAR-only solution. Height estimation is inherently more sensitive
to terrain morphology and feature distribution. Small alignment errors can therefore
accumulate over time, leading to systematic drift in the estimated height. This effect is
particularly evident in the standard LOAM results, where the trajectory progressively
diverges from the ground-truth profile.

01 Extracted Trajectories

= = +Acual position
) LOAM + IMU
0 LOAM

Z(m)

06 . . . . . . . . )

Y (m)

Figure 5. Z-Y plane trajectory reconstruction (LOAM).

The integration of IMU measurements mitigates this issue by introducing complemen-
tary constraints. Although pure inertial integration would suffer from long-term drift, its
fusion with LiDAR measurements yields a synergistic effect: LIDAR corrections bound
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inertial drift over time, while inertial priors enhance convergence and robustness in geo-
metrically weak scenarios. Consequently, the LOAM + IMU configuration exhibits reduced
drift in the Z component and improved consistency with the ground-truth height profile.

Overall, the results demonstrate that while LIDAR-only odometry is sufficient for
accurate planar reconstruction, multi-sensor fusion significantly enhances robustness in
the presence of elevation variability. The inclusion of inertial aiding improves vertical
stability, reduces cumulative drift, and increases the overall reliability of the trajectory
estimation process.

Despite the height-tracking difficulty, LOAM produces a coherent map with an overall
accurate representation of the environment, as shown in Figure 6. A false-color elevation
map is used to visualize the surface morphology, with colder colors representing lower
regions and warmer colors representing higher regions.

Accumulated Map

Figure 6. LOAM-generated map.

ICP was implemented as a geometry-based registration pipeline. After voxel-grid
downsampling, each LiDAR scan was aligned to the subsequent one by iteratively estimat-
ing the rigid transformation that minimizes point-to-point residuals [29] until convergence.
The resulting sequence of inter-scan transformations was then composed to recover the
absolute trajectory, and the map was built by transforming each scan into the global frame
using the accumulated poses. As shown in Figures 7 and 8, ICP provides a closer agree-
ment with the ground-truth trajectory, with a particularly improved behavior on the Z
component, and it also yields a more detailed reconstruction (Figure 9). This result is
consistent with the characteristics of the lava tube environment, where the low density of
salient geometric features (e.g., sharp edges and distinctive planar patches) weakens the
constraints exploited by feature-based pipelines such as LOAM. In contrast, ICP directly
leverages dense geometric consistency and benefits from the high scan overlap induced
by the rover’s slow motion and the largely smooth, continuous surfaces, which improve
registration conditioning and reduce the probability of incorrect associations.
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Extracted Trajectories

Acual position

16 - — = = ICP + IMU
- = :ICP

-9 -8 -7 6 5 4 -3 2 -1 0
X (m)

Figure 7. X-Y plane trajectory reconstruction (ICP).

Extracted Trajectories
0.05

Acual position
—=—='ICP+IMU
0 - = :ICP

-0.25

Figure 8. Z-Y plane trajectory reconstruction (ICP).

Accumulated Map

X (m)

Figure 9. ICP generated map.

The comparison between ICP and ICP + IMU in Figures 7 and 8 indicates that, for the
nearly rectilinear and low-dynamic trajectory considered here, inertial aiding does not pro-
vide a measurable improvement over pure ICP. In this scenario, the geometric constraints
and scan overlap appear sufficient to ensure stable convergence, making the inertial prior
largely redundant. However, this finding should be interpreted as scenario-dependent:
IMU information is expected to become more beneficial under faster motion, with stronger
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rotations and reduced overlap, or locally degenerate geometry, where it can improve
initialization and mitigate convergence failures. Further experiments with more com-
plex trajectories are therefore required to fully characterize the impact of IMU aiding in
registration-based mapping pipelines.

Table 3 compares the performance of the LOAM and ICP algorithms, both with and
without IMU fusion. All tests were performed on a laptop equipped with an Intel Core i7
(10th generation) processor and 16 GB of RAM. The reported computation times correspond
to the average of multiple runs, in order to mitigate the natural variability of execution
times. This analysis allows a comparison between the different algorithms, while actual
computation time will be evaluated when the hardware equipping the rover is selected.

Table 3. Key metrics for LOAM algorithms.

Method Computation Time [s] RMSE [m] Drift [m/m]
LOAM + IMU 0.1326 0.5230 0.02638
LOAM 0.1205 0.6029 0.03041
ICP + IMU 0.0485 0.4238 0.02137
1Cp 0.0399 0.4239 0.02138

It is worth noting that orientation RMSE was not computed, as the rover followed
a predominantly straight-line trajectory, making rotational errors not relevant for this
evaluation. Drift is computed as the position RMSE divided by path length to quantify
relative error accumulation.

The ICP algorithm achieved the best accuracy with a position RMSE of approximately
0.424 m and the lowest drift of about 0.0214 m/m. The integration of IMU data provided
a noticeable improvement for LOAM, reducing its RMSE from 0.603 m to 0.523 m, while
offering only marginal gains for the ICP.

From a computational perspective, ICP proved to be significantly faster—roughly
three times quicker than LOAM—with average execution times around 0.04 s compared
to 0.12-0.13 s for LOAM. As expected, the addition of IMU fusion introduces a small
computational overhead in both algorithms.

The comparative evaluation of LOAM and ICP yields a consistent system-level
outcome: in a lava tube context—where operation must be illumination-independent
and the geometry can be weakly informative (smooth walls, low feature density, and
terrain-induced height variations)—a LiDAR-only solution can generally reconstruct
the planar trajectory reliably, but it tends to be less robust in full 6-DoF pose estimation,
especially in terms of vertical consistency and drift susceptibility.

Adding an IMU provides complementary motion constraints that improve odometry
stability and convergence when LiDAR observability degrades, thus offering a measurable
robustness margin that emerges consistently across both analyses. In the feature-based
case (LOAM), inertial aiding is particularly beneficial in mitigating drift and stabilizing
the estimate, while in the registration-based case (ICP), IMU integration does not degrade
performance; however, incorporating inertial priors remains a reasonable design choice to
improve initialization and robustness in more dynamic trajectories or in locally degenerate
geometric conditions.

Therefore, LIDAR + IMU is the most reliable baseline configuration for lava tube
navigation, whereas LIDAR-only remains a viable fallback when system complexity must
be minimized, at the cost of reduced robustness in the most challenging conditions. At the
same time, a LIDAR-only layout can provide an emergency solution in the case of a failure
of the IMU.
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6. Proposed GNC Architecture for Lava Tubes

Autonomous operation within lava tubes requires a dedicated GNC architecture in
which navigation, mapping, and decision-making are executed entirely onboard, with
minimal reliance on external support.

Since communication may be available only intermittently (typically near the en-
trance), the system must sustain robust real-time state estimation and local trajectory
generation during sustained autonomy. This motivates a LIDAR-inertial navigation back-
bone, complemented by wheel odometry for aiding and consistency, and coupled with
energy-aware planning to ensure that exploration depth remains compatible with a guaran-
teed return-to-base capability.

The proposed subsurface GNC architecture includes the following elements:

e  Mast (2-DOF, 800 mm height)

The rover is equipped with an 800 mm mast carrying the LiDAR at its top. The mast
provides two degrees of freedom, enabling controlled rotations about the vertical axis
(yaw) and a horizontal axis (pitch).

e  Solid-state LiDAR

A 40° FOV solid-state LiIDAR is selected as the primary perception sensor to generate
real-time 3D point clouds, enabling navigation in total darkness. The baseline sourcing
strategy targets Teledyne solutions, leveraging supplier heritage in space-qualified
LiDAR systems to maximize robustness and reliability in harsh environments.

e IMU

The inertial core is the LN-200S of Northrop Grumman, mounted as close as possible
to the rover’s center of mass to minimize rotational error propagation and improve
inertial accuracy. The LN-200S is characterized by extensive flight heritage, including
deep-space missions and Mars rover applications (e.g., Spirit, Opportunity, Curiosity,
and Perseverance), making it a suitable candidate for long-duration autonomous
operation in GPS-denied conditions.

e  Encoder route (wheel odometry)

Wheel encoders provide distance-traveled measurements for odometric estimation.
This odometry supports multi-sensor fusion with LiDAR and IMU, improving
short-term localization consistency and providing a useful redundancy channel in
case of partial LIDAR degradation (e.g., dust, occlusions, and poor overlap).

e  OBC (onboard computer).

A dedicated or integrated OBC performs real-time processing for: sensor acquisition
and synchronization, LIDAR-Inertial and wheel-odometry fusion, SLAM map updates,
and guidance, motion planning, and control execution.

e Communication antenna and entrance relay

A fixed relay antenna is deployed at the lava tube entrance. The rover can offload data
and/or receive commands when it returns within link range, ensuring a minimal but
dependable communication capability in an otherwise isolated environment.

e  Battery-state monitoring for energy-aware autonomy

Continuous, real-time monitoring of battery state is a primary input to the navigation
logic. Battery data directly gates exploration depth by enabling the rover to decide
when to proceed deeper and when to initiate a return-to-base maneuver, ensuring safe
mission closure without external recovery options.
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7. Navigation Framework Inside the Lava Tube

Operationally, upon entering the lava tube, the rover performs an initial 360° LIDAR
scan to establish a first local map and geometric reference; during this phase, the LIDAR is
commanded at 0° pitch relative to the ground to optimize wall intersection and delineate
tunnel boundaries.

Once the lava tube entrance is identified, the rover autonomously navigates toward
it. During traversal, the LiDAR is reoriented to an inclination of 30 degrees relative to the
horizontal plane. This configuration enhances the perception of terrain irregularities and
local elevation changes, contributing to accurate ground modeling. The two setups are
shown in Figures 10 and 11, where the dashed lines and arrows indicate the two different
scanning directions adopted by the sensor.

Figure 11. Rover in features-detection mode.

Throughout the mission, the SLAM subsystem continuously integrates the incoming
LiDAR data (aided by IMU and odometry) to maintain an updated local map and a
consistent pose estimate. Obstacles, non-traversable regions, and steep slopes are detected
in real time; when hazards are identified, the system triggers local replanning to generate a
safe trajectory that respects mobility constraints while continuing coverage expansion (e.g.,
via frontier-based target selection in unknown regions).

As the rover proceeds deeper into the lava tube, energy management becomes a critical
factor for mission success. To ensure that sufficient battery capacity is preserved for a safe
return, the rover evaluates its progression based on an energy constraint:

m-g-Ah 4+ R-s + k-At-c; < SOC-Cppgx-Cs (1)

where:

e  Ahis the cumulative descent in elevation, proportional to the energy required for the
return ascent;

e  Ris the rolling resistance factor;

e sis the total traveled distance;

e  k-At models the energy consumed by auxiliary systems over time, while ¢; > 1 intro-
duces a safety factor to estimate the return time conservatively.
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On the right-hand side:

e SOC (state of charge), ciqy (maximum battery capacity), and ¢; < 1 (a safety coefficient)
define the effective usable energy reserve.

The rolling resistance term R can be evaluated as a function of rover mass, gravity, and
terrain properties, with coefficients derived from terramechanics models or experimental
campaigns on lunar regolith simulants [30,31]. Slope effects are accounted for through the
gravitational term (mgAh).

The auxiliary consumption term k can be obtained from subsystem-level power bud-
gets, including sensing, control, and thermal control loads, as commonly performed in
robotic system design and energy-aware formulations for planetary rovers [32,33].

The safety factor c; > 1 is introduced as a conservative engineering margin to ac-
count for uncertainties in return-path estimation, slip variability, path tortuosity, and local
traversability. Although more advanced risk-aware approaches exist [34,35], the present
work adopts a simpler margin-based strategy that can be calibrated through simulation
campaigns and sensitivity analyses.

The coefficient ¢s < 1 limits the usable battery capacity to respect recommended
depth-of-discharge thresholds and to compensate for capacity fade over the mission lifetime.
This conservative derating is preferred in the present preliminary design phase over more
complex strategies involving real-time state-of-health monitoring and prediction [36-38].

By continuously evaluating this inequality, the rover autonomously determines
whether continuing exploration is viable or whether it must begin its return journey to
avoid the risk of power depletion. This energy-aware planning is especially vital in the
enclosed and unstructured environment of the lava tube, where external recovery options
are nonexistent and communication delays may be significant.

Figure 12 presents the main flowchart representing the navigation logic inside
the lava tube.

Enter the lava tube
Perform a 360° scan and
determine the initial heading

Perform a LIDAR
terrain scan to detect

features

Repoint the mast, rescan the
terrain, and select an alternative
heading

s slope < 15° and obstacle’
height < 200 mm?

Proceed along the
selected heading

s obstacle distance > 1.8 m
and slope < 15°2

Is remaining energy
sufficient to
continue exploration?

No

Update direction of
advancement

Return to the lava
tube entrance and
exit

Figure 12. Flowchart of the navigation logic inside the lava tube.
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8. Conclusions

This work addressed the problem of autonomous navigation in lunar lava tubes, a
challenging environment characterized by the absence of illumination, limited prior knowl-
edge of geometry, uneven terrain, and intermittent communications. A mission-oriented
approach is adopted to define a suitable Guidance, Navigation, and Control (GNC) archi-
tecture capable of supporting fully autonomous operations.

A weighted-criteria evaluation framework is developed to assess different SLAM
solutions under realistic mission constraints, including robustness, energy consumption,
and system complexity. The analysis highlights the limitations of vision-based approaches
in subsurface conditions and identifies LIDAR-based solutions as the most suitable option
for reliable navigation.

The simulation campaign confirms that LiDAR-only SLAM ensures accurate planar
localization but exhibits reduced robustness in full 6-DoF estimation, particularly in the vertical
component and in geometrically weak scenarios. The integration of inertial measurements
provides complementary motion information, improving convergence and reducing drift,
thus supporting the selection of LIDAR-Inertial SLAM as the baseline configuration.

It is important to clarify that the objective of this work is to support a mission-oriented
sensor selection process. ICP and LOAM are chosen as representative and well-established
algorithms to quantify the benefit of adding inertial measurements to a LiDAR-based
pipeline under lava-tube-like conditions.

Based on these results, a modular GNC architecture is proposed, integrating multi-
sensor fusion, real-time mapping, and energy-aware navigation. This approach enables the
rover to operate autonomously while ensuring safe exploration and return capabilities in
the absence of continuous ground support.

Overall, the study provides a coherent methodological and architectural foundation
for the design of robotic systems dedicated to lunar subsurface exploration, with potential
applicability to other planetary environments.

Future work includes the selection of the most appropriate LIDAR-Inertial SLAM
algorithm and the evaluation of parameters in Equation (1). Both these activities require
a more detailed definition of the rover, which will become available at a more advanced
phase of the design of the mission.
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