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Abstract— Developing algorithms for extra-terrestrial robotic
exploration has always been challenging. Along with the com-
plexity associated with these environments, one of the main
issues remains the evaluation of said algorithms. With the
regained interest in lunar exploration, there is also a demand
for quality simulators that will enable the development of
lunar robots. In this paper, we propose Omniverse Lunar
Robotic-Sim (OmniLRS) that is a photorealistic Lunar sim-
ulator based on Nvidia’s robotic simulator. This simulation
provides fast procedural environment generation, multi-robot
capabilities, along with synthetic data pipeline for machine-
learning applications. It comes with ROS1 and ROS2 bindings
to control not only the robots, but also the environments.
This work also performs sim-to-real rock instance segmentation
to show the effectiveness of our simulator for image-based
perception. Trained on our synthetic data, a yolov8 model
achieves performance close to a model trained on real-world
data, with 5% performance gap. When finetuned with real
data, the model achieves 14% higher average precision than
the model trained on real-world data, demonstrating our sim-
ulator’s photorealism. The code is fully open-source, accessible
here: https://github.com/AntoineRichard/OmniLRS,
and comes with demonstrations.

I. INTRODUCTION

There has never been as much interest in sending robots
to the Moon as today. With this renewed interest, carried
by both institutional and private entities, comes a need to
test the software that will enable the robots to carry out
their missions. Typically, this is done in two stages, the first
stage in a simulator, and the second stage in a lunar analog
environment, such as Mount Etna. In the first stage, a wide
range of simulators are employed to be able to assess all the
systems required to complete the mission. These simulators
range from dedicated simulation of mechanical parts, through
landing, to robotics. Within robotics itself, there are often
multiple sub-simulators, such as for terramechanics interac-
tions, for thermal resilience of the system, for perception
data, and many more. In this study, we focus on providing
an accurate visual representation of the lunar environment
with typical perception sensors, such as RGB cameras, depth
imaging, or Lidars. This kind of simulator is well suited for
vision-centric tasks such as navigation, exploration, Simula-
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Fig. 1: A render of Lunalab (left) and a real lunar terrain
(right) using pathtraced rendering with OmniLRS. The en-
vironment includes three types of rover models: EX1, Leo
rover, and Husky.

taneous Localization And Mapping (SLAM), and machine
vision.

A common issue with this type of simulator is that
more often than not, they are not available to the general
public [1]–[4], or paid for [4]. This is often true with the
simulators developed by private companies or institutional
entities, such as NASA or ESA. Others, can have some strong
limitations with regard to rendering capabilities [5]–[7], or
flexibility [8]–[10]. To the best of our knowledge, there is
a lack of easy-to-use, flexible robotics lunar simulators, that
also provide good render quality. Most of the time, to achieve
high-quality renders, developers have built upon commercial
game engines such as Unreal Engine (UE) [2], [8], [9] or
Unity [1], [10]. Both of these can be daunting to modify
to accommodate robotics systems and their sensors, as they
require advanced coding skills and substantial development
efforts. This also hinders the flexibility of the simulator built
upon these engines: adding new sensors or robots can be
challenging, even more so if they do not adopt standard
formats. Another issue that often arises with most of these
simulators are the algorithms used to build the terrains. These
algorithms, such as Ames Stereo Pipelines (ASP) [11] can
be very complex to use, and compute-intensive.

With this paper, we chose to build upon IsaacSim, a
so-called application of Nvidia’s Omniverse. Similarly to
Gazebo [5], IsaacSim provides built-in robotics sensors so
that the users do not have to implement them, and it
offers compatibility layers for generic robotic formats such
as URDF and SDF. This means that, like Gazebo-based
solutions [3], our simulator offers strong flexibility, and
should be easy to modify. However, unlike Gazebo, IsaacSim
comes with a powerful render engine that can use either
ray-traced or path-traced renderers. Fig. 1 shows a sample
render of the simulated Lunalab using path-tracing. This is
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particularly important for environments such as the moon,
where correct illumination plays a key role in the visual
appearance of the scene. Furthermore, since Isaac builds
upon the Universal Scene Description (USD) [12], it can use
instanced assets and variants, allowing it to render millions
of instanced assets in real time on a small GPU. Something
that, to our knowledge, isn’t possible in Gazebo. Overall,
with this simulation, we provide a set of open-source tools
enabling anyone to easily simulate lunar environments, real
or fake, and perform robotic activities on them. We also
provide means to collect datasets for machine vision tasks,
such as instance segmentation or object detection. Finally, we
provide a set of demonstrations in ROS1 and ROS2, showing
how to run navigation, mapping, SLAM, or object detection.

In addition to the implementation of the lunar simulator,
we evaluate the realism of the generated environment by
training a rock instance segmentation model [13]. With the
model trained on different sets of data, both real and syn-
thetic, we investigate the following: the feasibility of zero-
shot sim-to-real, and the possibility of leveraging synthetic
data as a base model that can be improved by finetuning with
real-world data.

In summary, our contributions are the following: 1) A
ROS enabled simulation framework for lunar environments
based on IsaacSim, fully open source, with readily available
terrains, assets, and robots; 2) A sim-to-real study of rock
instance segmentation in a lunar analog environment.

II. RELATED WORK

A. Lunar Simulators

As of today, there is a diversity of lunar ground simulators
developed with different graphics engines. All of these aim
at testing software components, including but not limited to:
navigation, manipulation, SLAM, or even full-scale mission
planning, assembly and resource exploration.

DLES (Digital Lunar Exploration Sites) [1] leverages LRO
and LOLA Digital Elevation Maps (DEMs) to accurately
model the lunar South Pole. In addition to terrain generation,
it also adds features such as small craters and rocks of
different sizes which cannot be captured in DEM to emulate
the lunar surface in a more realistic way. By upscaling five
meters per pixel LOLA DEM and overlaying craters, DLES
achieves 20 centimeters per pixel DEM. High-resolution
terrain models along with surface details, rocks and craters,
from DLES are incorporated into DLES Unreal Simulation
Tool (DUST) [2] to simulate a photorealistic lunar South
Pole. It leverages the advanced capabilities of UE5, such
as Lumen to represent Sun and Earth-shine, virtual shadow
maps [14] to display detailed shadows over thousands of
kilometers of terrain, real-time ray-tracing, and Nanite to
display large detailed meshes efficiently. With DUST, the
DLES generated maps are rendered with impressive fidelity.
Yet, unfortunately, DUST does not support robotic systems
and is not available to the public. [6] uses Gazebo, to train
and infer RL policies to grab lunar-rocks, this simulator
is mostly meant for grasping, and as such, features small
terrains non-applicable for other vision tasks. [8], [9] are both

open-source and use UE4 to simulate the environment. They
are meant for navigation tasks and provide good rendering
capabilities. Yet, they do not support the URDF format, and
do not offer conversion tools to take an existing Gazebo-
ready robot and integrate it in their environments. This is
also true of [10] which builds on Unity. Overall, this hinders
their use, as changing the robot or adding sensors is non-
trivial. Another issue is that both [8], [9] are building on
top of a discontinued engine, and the process they are using
to generate or load terrains is unclear.

The simulator used in the Viper mission [3] based on
gazebo, provides a lot of must have-features for lunar ex-
plorations, such as the management of large terrain with
fine details, the generation of lens-flares, realistic shadows,
as well as the opposition effect. Yet, to achieve this, they
heavily modified the render engine from gazebo, and added
some novel features which did not make their way to the
main branch of gazebo. Moreover, this simulator is currently
a “NASA internal only tool” making it inaccessible to the
public.

B. Dataset from Extraterrestrial Environment

Synthetic data generation is now a typical part of any ma-
chine vision tasks when working with limited real-data [15],
[16]. In this subsection, we provide an overview of existing
dataset for vision-based recognition of rocks, environmental
landmarks that could help SLAM algorithms in low feature
environments like Moon and Mars.

Artificial Lunar Landscape Dataset [17] is a synthetic
lunar landscape dataset for rock detection and semantic
segmentation. The landscape is created by Terragen using
LRO LOLA DEMs recorded at the lunar South Pole, with
added fractal noise and rocks. The data consists of 9,766
synthetic renderings, and also includes 22 annotated images
from Chang’e3 mission.

ReSyRIS (Real-Synthetic Rock Instance Segmentation
Dataset) [18] is a collection of real-world images from lunar
analog environments and a synthetic counterpart for rock
instance segmentation. The real-world data is collected in
Mt. Etna, and annotated with pixel-wise instance masks. For
the synthetic data, they use OAISYS [19], a Blender-based
simulator of outdoor unstructured environments featuring
automatic annotations. These data are then used to investigate
sim-to-real gap.

While both [18] and [17] offer very realistic renders, they
are fixed datasets, which means that novel data cannot be
generated.

Aside from lunar images, there also exist publicly avail-
able Martian data [20]–[22]. AI4Mars [22] is a public large-
scale dataset for training and validating terrain classification
models such as Soil Property and Object Classification
(SPOC) [23]. The dataset contains 35,000 images from
Curiosity, Opportunity, and Spirit rovers. It focuses on the
traversability assessment on Mars, and provides 4 semantic
classes (soil, bedrock, sand, big rock). S5 Mars [21] is an-
other dataset, sparsely annotated for semantic segmentation
on Mars. GMSRI [20] provides terrain classification dataset
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consists of real Mars images and a synthetic counterpart
generated by Generative Adversarial Network (GAN). Un-
fortunately, [20] focuses on terrain classification, and [22]
and [21] focus on semantic segmentation, thus they do not
offer pixel-wise instance masks. This limits their usage in
instance-aware tasks such as identification of environmental
landmarks.

To overcome the aforementioned problems, this work
presents a novel open-source robotics simulator for lunar
environments. Similarly to [3], [6], [8]–[10] our simulator
does not feature terramechanics model. We provide basic
algorithms for procedural environment generation, automatic
generation of annotated synthetic datasets, ROS1 and ROS2
example as well as sim-to-real evaluation of rock recognition
to evaluate the quality of models learned in simulation.

III. METHOD

A. Terrain Generation and rendering

In the following, we discuss how terrains are generated
and managed inside our simulation. We do not go over the
terramechanics as they are not modeled accurately.

1) In-Lab Acquisition: Our simulation comes with dif-
ferent environments ready to be used. One of them is the
Lunalab [24], a 6.5 meters by 10 meters lunar-analog facility
located inside the University of Luxembourg. To create a
digital twin of this lab, we captured two real terrains and
placed them inside a replica of the lab modeled inside
Blender. To acquire the terrains, we scanned the lab’s ground
section with a total station from three different viewpoints.
This resulted in 3 point clouds that were then aligned,
merged, and projected onto a grid with a resolution of 1cm
per pixel. This grid was then manually cleaned to remove
artifacts from the laser and interpolated with a cubic function
to fill any gaps in the laser points. In the end, this process
gave us a pair of DEMs that can be loaded inside the
simulator.

2) Real Lunar Terrains: In addition to these small-scale
terrains collected in the lab, the user can choose between over
20 real lunar terrains. To generate these terrains, we rely on
ASP and LRO images to generate 3km by 3km DEMs at
1 meter per pixel. In practice, without using advanced pro-
cessing methods such as Shape-From-Shading (SFS), DEMs
only offer details of about 10 meters in size. This resolution
is not sufficient to conduct realistic experiments [3]. Thus,
we augment these maps using GANs [25]–[27] trained to
perform DEM super-resolution conditioned on RGB images*.
This yields finer terrain features, of about 1 meters to 3
meters per pixel. This method was chosen because unlike
SFS, once the networks are tuned, it is easy to use and does
not require fiddling with the settings. Yet, even at 1meters
per pixel their resolution is not good enough for robotic
lunar rover simulations [3]. Hence, similarly to [1], [3] we
provide the option to use procedural generation (see III-A.3)
to artificially enhance them down to 4cm per pixel.

*https:
//github.com/AntoineRichard/MoonSuperResolution

3) Procedural Generation: The procedural generation al-
lows us to generate unique random environments with fine-
grain terrain features. To do so, we generate small-scale
craters from 10 meters to 0.5 meters in size.To generate
craters, we collected 100 half-crater profiles on SLDEM
images [28], and curated the profiles by manually removing
outliers, normalizing them, smoothing them using polyno-
mial filters, and fitting a cubic spline on them. To create a
new crater of arbitrary radius N meters, we create a matrix
of size 4N × 1/R, with R the resolution of the terrain in
meters per pixel. For each cell of this matrix, we compute its
distance to the center. This distance is distorted and randomly
rotated to create some variability in the crater shape. Then,
using one of the previously collected crater profiles, for each
cell of the distance matrix, we query the spline function to
get the elevation of the crater at that point. In the end, this
results in the generation of the DEM of a crater. This process
is used to generate random craters at run-time, allowing to
generate thousands of unique-looking craters in less than a
second. To distribute craters, we are relying on hard-core
Poisson distributions. To generate large, medium, and small
craters, we typically, set three different distribution densities
each associated with its own radius ranges. Furthermore, to
enforce consistent behavior in between simulations, all ran-
domizers are seeded. This means that with the same seed, two
simulation instances will generate the exact same terrains.
The user has the flexibility to adjust the parameters. There
is ample literature on crater densities on the moon [29] which
the curious reader could refer to. This process can be used
without any modification in different scenes. The lunalab
for instance supports randomized terrain generation. We also
have procedural-only terrains such as the “lunaryard” familly
of environments that mimic typical outdoor facilities for
lunar simulations.

4) Importing Terrains in Isaac: With the generation of
the terrains covered, let us see how they are being fed to
IsaacSim. To import terrains inside Isaac, we dynamically
author the properties of meshes within the USD stage. This
is done by editing four properties of a USDGeom.Mesh, the
FaceVertexIndices (how the vertices are connected), FaceV-
ertexCounts (the number of vertices), Points (the position the
vertices), and finally st (the uv coordinates for each element
inside FaceVertexIndices). This process is simplified by the
fact that DEMs are regular grids, hence, computing these
values is fairly straightforward. An advantage of this method
is that the terrain can be randomized without exiting the
simulation. Typically, a complete terrain randomization is
achieved under 3 seconds, this includes generating the DEM,
updating the visual mesh, and computing the collision mesh.
The computation time depends on the number of craters and
the size of the map, but the most expensive operation is the
computation of the collision mesh. This ability to randomize
the terrain can be particularly interesting when training RL
agents. Another benefit of this approach is that in a future
update, its flexibility will allow the rovers to leave ruts in
the terrain.
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B. Lunar Environment Modeling

With the generation and management of the terrain out of
the way, we can now take a look at the rest of the elements
inside the simulation.

1) Surface texture: To texture, the surface of the terrains,
we have different materials. The first one is a modified gravel
material from Polyhaven*, it is used to replicate the basalt
inside the Lunalab. For larger environments, we use sand-like
materials as well as thinner gravel materials from Polyhaven
and Nvidia’s Base Material collection. We are aware that
none of the materials currently used in the simulation is close
to the real ones, but to the best of our knowledge, this kind
of material is not publicly available.

2) Rocks: Getting realistic rocks into the simulation is
particularly challenging, the main issue is finding free-of-
right quality lunar rocks. For the digital twin of the Lunalab,
we opted for photogrammetry. We took the rocks we have in
the lab, and collected about 200 pictures of each, these were
then processed inside Reality Capture [30] which generated
high-poly meshes and textures. These meshes were then
imported into Blender where they were cleaned up, scaled
down, and decimated to reach about 40k polygons. Then,
using the original high-resolution meshes, we baked the fine
details into a normal map and exported them in the USD
format.

In addition to these rocks, we also converted all the Apollo
rocks from Astromaterials 3D [31] to the USD format. These
rocks are the result of the 3D reconstruction of real lunar
rocks brought back to Earth during the Apollo mission.

3) Procedural asset management: To manage assets into
the scene, we rely on instancers. An instancer keeps a cache
of potentially usable assets and allows scattering millions of
their copies onto “points”. Their main advantage lies in the
fact that even if an asset is replicated thousands of times in
the scene, only a single copy is stored in memory, making
it extremely efficient to render large-scale environments. To
place these assets, we have built a Python library that can
distribute points onto geometric primitives, and images. It
features, multiple distributions such as Mattern, or Thomas
point processes that can be useful to distribute trees, but
also simpler processes such as Poisson, Normal, or Uniform.
When creating their own environments, users will be able to
choose and parametrize these settings. In practice, we rely
on hardcore Poisson point processes to place the rocks in the
lunalab, and Thomas point processes for other environments.
Using the DEM elevation, and knowing their resolution,
based on their xy coordinates the rocks can be placed at
the right elevation. Similarly to the terrains, the procedural
placement of assets is seeded, so that the simulator yields
the exact same rock position between two simulation runs,
a must-have for reproducibility.

4) Robot modelling: To simulate the kinematics of the
rovers as well as their sensor playloads for vision tasks,
we must create realistic models of rovers and sensors. Our
simulator comes with different robot models with onboard

* https://polyhaven.com/

(a) EX1 rover. (b) Leo and Ex1 rovers.

Fig. 2: Left: One of the robot, EX1 delivered with the
simulator demonstrating a Lunalab environment. Right: EX1
and a Leo rover in a larger scale environment (the real Lunar
terrain).

sensors ready to use: Leo rover [32] and EX1 rover [33]. To
simulate onboard sensor such as stereoscopic camera, ap-
propriate camera parameters and attachment positions must
be given. As a target camera model, we chose to use Intel
RealSense D435 [34] because of its wide usage in the field of
robotics. Parameters for the simulated camera are determined
from the actual sensor specifications. As for Leo rover, the
camera is attached in front of base link. As for EX1 rover,
the camera is attached in front of the right rocker arm link
(0.25m from the ground) as shown in Fig 2.

5) ROS bindings: Our environments and robots are com-
pletely integrated with both ROS1 and ROS2. For the robot,
we use the sensors provided by default inside Isaac: RGBD
cameras, 2D and 3D lidars, IMUs, Tfs, and joint-states. To
control the the robots we equipped them with differential
controllers that can be commanded using a Twist message.
We also provide ROS topics to spawn robots, and the
simulation supports multi-robots. As for the environments,
they come with a range of topics allowing to change the
terrain texture, the position of lights sources, their intensity,
randomize the position of the rocks, swap the terrain and
more. Our code is built such that ROS wraps around the
API that controls the environment, this enables to easily add
new functions accessible through ROS.

IV. EXPERIMENT

One of the most important requirement for this kind of
simulator is for the gap between simulation and the real-
world to be small. This is crucial for perception tasks since
models trained using simulation data can fail to generalize
toreal world without accurate modeling [35]. To evaluate if
our simulator is able to perform sim-to-real transfers, we
train a neural network on different dataset, synthetic and real,
under different conditions.To this end, we leverage a rock
segmentation task, and see how different simulation settings
impact the performance of the network when applied on real-
data.

A. Data Acquisition

1) Real-world data: We begin with the generation of real-
world dataset. To this effect, we recorded images inside the
real Lunalab [?], with a RealSense D455 camera at 5Hz
saving only the RGB data. We collected three rosbags with
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(a) Real world. (b) Raytrace. (c) Pathtrace.

Fig. 3: Example images from both the real and simulated
lunalab.

different light source positions: high, middle, and low*. Out
of these rosbags, we kept one frame every 10 consecutive
frames, which resulted in about 450 images for each. Then,
we manually annotated rocks inside each image (see Fig. 3(a)
for a sample image). We used the data with high and low light
positions in the training set (955 images), and the data with
low light position in the test set (439 images). Furthermore,
we also prepare small set of test images (74 images) from
the Apollo 17 mission. library [36]. In those images, only
rocks roughly the size of the ones in Lunalab (0.5m) are
annotated*.

2) Synthetic data: For the Synthetic data, we record it
inside the digital twin of the Lunalab. To generate synthetic
data, we leverage the automatic labeling from Omniverse’s
Replicator, a collection of tools to record synthetic data with
ground-truth annotation (e.g. bounding box and segmentation
mask). To evaluate the importance of the different render
modes offered inside Isaac, we render synthetic data with
both RTX - Real-Time, also known as raytracing [37]
(14,099 images) and RTX - interactive, or pathtracing [37]
(14,099images)*. Because raytracing employs various shad-
ing approximations and optimizations to achieve both image
fidelity and high frame rates, it is less accurate than pathtrac-
ing when it comes to render light. An examples of synthetic
data are shown in Fig. 3(b) and (c).

3) Domain randomization: During the data acquisition,
we apply domain randomization [35], [38] to create a wide
variety of images. In practice, this is done by randomizing
the rock types and as well as their locations, the light
source intensity and location, and the shape of the terrain.
For the randomization of rocks, their positions in the xy
coordinate plane are sampled from a uniform distribution,
and their elevations are determined using the DEM matching
the loaded terrain mesh. Finally, to move the camera around
the lab, four different rover trajectories are prerecorded via
manual operation and played back during the synthetic data
acquisition.

V. RESULTS AND ANALYSIS

To evaluate the gap between our simulators and the real
world, we investigate the performance of a neural network

*All of the annotated real Lunalab data are available at
https://universe.roboflow.com/srlresearch/d435_
25degree_hd_6fps_nano_full_high,
https://universe.roboflow.com/srlresearch/d435_
25degree_hd_6fps_nano_full_mid,
https://universe.roboflow.com/srlresearch/d435_
25degree_hd_6fps_nano_full_low.

*https://universe.roboflow.com/srlresearch/as17-137
*This data will be released at a later time.

on different types of datasets both from our simulator and
the real world. First, we investigate the impact of the render
mode (a). Second, we explore the use of this synthetic
data as pretraining for the real data (b). Finally, we check
how models trained in the lunalab data fair on real lunar
images (c).

A. Instance segmentation of rocks

For our experiments, we leverage the recently released
yolov8 [13] object detection model and train it on the datasets
presented in Table I. It contains the type of dataset used, the
model training strategies, and the purpose of ablation (a,b,c).
For all the datasets, yolov8s-seg, the second smallest among
yolov8 instance segmentation model, is trained for 50 epochs
during pre-training and 20 epochs during finetuning. Results
on both real-world Lunalab data and Apollo 17 data are listed
on the right side of Table I.

B. Analysis and discussion

1) Renderer ablation: To investigate the importance of the
renderer (viewpoint (a)), we compare the model performance
among raytrace rendering, pathtrace rendering, and the real-
world data (referred to as baseline). On the second row of
Table I, we can see that the model trained with raytraced
images yields the lowest average precision score. However,
training with pathtraced data produces an almost 40% higher
average precision score. We believe this is related to the
ability of pathtracing to produce pitch-black shadow and
intense surface reflections. These are expected characteristics
seen in real-world images, hence the model trained on this
data shows better transferability. From these results, we can
see that, as expected, training with pathtraced data, the most
photorealistic render, produces the best sim-to-real transfer.

2) Training strategy ablation: Additionally, we want to
find out the benefits of using synthetic data for pre-training
(viewpoint (b)).To investigate this, the model is trained with
three different strategies and tested on the same test set (Lu-
nalab recording with mid-light elevation). As demonstrated
in table I, by pre-training on synthetic data (see fifth and sixth
column), the average precision score increases by 13.8% and
14.5% respectively. Also, qualitatively, while the baseline
model fails to recognize rocks under challenging lens flare,
our finetuned model predicts the rock’s mask successfully as
shown in Fig. 4 (upper row). This suggests that our synthetic
data provides good initializations weights for the model to
learn from. This finding supports the idea that when large
real-world datasets are not available, a synthetic dataset can
be used to provide the model with a good starting point.

C. Applicability to real Lunar data

Finally, we investigate the capability of the model’s trans-
ferability to the real moon data (viewpoint (c)). To recognize
rocks in real lunar images, the model should be able to
account for (1) the environmental difference, (2) the camera
difference, and (3) the rock size difference. In other words,
the feature extractor of the model should learn a good
representation of rocks from synthetic data to recognize rocks
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TABLE I: The results of the ablation study for the different datasets and training strategies. For the renderer, raytrace and
pathtrace are used. For training strategies, we compare training with (i) only synthetic data, (ii) only real-world data, and
(iii) synthetic data for pre-training and real-world data for finetuning. The last two columns show the average precision (AP
and AP50 based on Microsoft COCO benchmark [39]) of each model on the real-world test set. Best scores are highlighted
in bold.

Viewpoint Case Training Dataset and Conditions Test Dataset Real Test Set
Training Strategy Renderer AP AP50

(a) Impact of texture
photorealism

(a)-1 (ii) Training w/ only real Lunalab data - Real Lunalab data 64.7 84.2
(a)-2 (i) Training w/ only synthetic Lunalab data raytrace Real Lunalab data 25.9 34.2
(a)-3 (i) Training w/ only synthetic Lunalab data pathtrace Real Lunalab data 59.3 73.6

(b) Contribution of
synthetic data pre-training

(b)-1 (ii) Training w/ only real Lunalab data - Real Lunalab data 64.7 84.2
(b)-2 (iii) Pre-training w/ synth. + finetuning w/ real Lunalab data raytrace Real Lunalab data 78.5 93.7
(b)-3 (iii) Pre-training w/ synth. + finetuning w/ real Lunalab data pathtrace Real Lunalab data 79.2 93.7

(c) Applicability to the
actual Moon

(c)-1 (ii) Training w/ only real Lunalab data - Apollo Lunar data 2.8 4.7
(c)-2 (i) Training w/ only synthetic Lunalab data raytrace Apollo Lunar data 8.0 13.0
(c)-3 (i) Training w/ only synthetic Lunalab data pathtrace Apollo Lunar data 11.4 14.6

Ground truth. (b)-1 result. (b)-2 result. (b)-3 result.

Segmentation result of viewpoint (b) in Table I.

Ground truth. (c)-1 result. (c)-2 result. (c)-3 result.

Segmentation result of viewpoint (c) in Table I.

Fig. 4: Qualitative results of instance segmentation on Lu-
nalab test set (upper row) and Apollo mission images (lower
row).

in a completely out-of-the-distribution test set. To investigate
the above, all the models trained (see (c) in table I) are
tested on the Apollo 17 images. Quantitatively, the mean
average precision score for all the models is low, suggesting
there are strong difficulties to generalize to the real moon
data. Particularly, the baseline model produces the lowest
score. A possible reason is that since only four types/shapes
of rocks are included in Lunalab when recording real and
synthetic data, the model is thus biased to detect rocks
in specific shapes and sizes. This bias is alleviated in the
model trained on synthetic data since the diversity in camera
perspectives and the location of rocks can result in variations
in the perceived size of rocks within the data. Though
the lack of diversity in rock shape is still limiting the
transferability of the model. As Fig. 4 (lower row) suggests,
only the model trained on synthetic pathtraced data can detect
rocks successfully, while all the other models completely
fail to recognize rocks. A coherent conclusion from these
evaluations would be that both diversity in rock geometry
and textures are crucial for the sim-to-real transfer.

VI. DISCUSSION

In summary, we found that by preparing quality assets
(terrain, rocks, lab props), lighting and textures, neural
networks can show optimum transfer from our simulation

to the real world. In the investigation of viewpoint(a), we
showed that a neural network trained on pathtraced synthetic
data achieves performances close to the model trained solely
on real-world data. Furthermore, in the study of viewpoint(b),
we demonstrated that neural networks trained on pathtraced
synthetic data and finetuned with real-world data performs
better than the model trained with only real-world data.
Although there are still many sources of sim-to-real gap that
are not filled (e.g. proper lens flare, saturation and noise from
sensors, and wheel ruts left by rovers), the simulation shows
promising transfer capabilities, supporting the effectiveness
of our simulator for vision-based tasks.

At this moment, unfortunately, we lack libraries of quality
assets and textures of ”real” lunar environment. Without
quality assets, sim-to-real is hard to achieve as demonstrated
in viewpoint(c). Though this limitation is global, and the
field of space robotics in general would benefit from a free-
of-right databank of assets and textures. In future work,
rocks with various geometry and textures will be integrated,
terrain textures will be created from regolith simulant, and
the procedural distribution of rocks will be further improved
by using more complex probabilistic models or the actual
distribution of rocks as seen in LRO images.

VII. CONCLUSIONS

In this paper, we presented a novel simulator for robotics
in lunar environments. We introduced a set of open-source
tools to easily simulate lunar environments, real or proce-
dural, and perform robotic activities on them. Along with
all the implementations to generate and manipulate the
environment, terrains, rocks, and ROS demonstrations are
also released. To show the realism of the generated environ-
ment, we trained a yolov8 instance segmentation network to
segment rocks with different datasets and training strategies.
We found that the model trained on synthetic Lunalab data
achieves performance close to the model trained on real
Lunalab data, with a 5% performance gap. Additionally,
when finetuned with real-world data, the model achieves 14%
higher average precision than the model trained only on real-
world data. We also tested the model on Apollo 17 images,
yet further works are needed to create quality asset of ”real”
lunar environment and close the sim-to-real gap.
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