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Abstract—In this work, we address the limited availability of real
asteroid data for visual applications in the context of asteroid
exploration and research. We propose an extension for the
photo-realistic simulation environment OAISYS (Outdoor Arti-
ficial Intelligence SYstems Simulator) with a dedicated asteroid
plugin, designed to address the unique challenges of asteroid
missions. This plugin enables the generation of realistic as-
teroid models by deforming generic shape models and placing
them on randomized, plausible trajectories. Additionally, it
incorporates advanced visual crater modeling to simulate the
often irregular surfaces of asteroids. The plugin generates
photo-realistic training data and offers hierarchical pixel-wise
annotations down to the instance level for each crater, making
it highly useful for tasks such as crater detection, mapping,
and counting. By training a detector on a dataset rendered
with our OAISYS extension we investigate the plugin’s sim-
to-real gap and applicability on real-world asteroid imagery
for applications such as crater detection and counting. The
results indicate that our OAISYS extension provides a valuable
resource for the development and testing of future automated
asteroid exploration technologies, particularly in autonomous
navigation and surface analysis systems. Code will be released
at https://github.com/DLR-RM/oaisys.
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1. INTRODUCTION
Asteroids are Small Solar System Bodies with often vastly
different shapes and physical composition compared to plan-
etary bodies. While being too small to be classified as a true
planet, asteroids have garnered increasing attention from a
wide range of domains over the past decades. Firstly and
most importantly, there is a scientific interest in studying
these small planetary bodies. Reasons for this are many-
fold and include the investigation of the creation of the
Solar System, studying planetary formation, or their ma-
terial composition [1], [2]. Another important aspect is
the search for extraterrestrial intelligence, making asteroids
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Figure 1: We present an OAISYS extension that allows to
generate artificial asteroids on various trajectories with
corresponding 6D object poses (upper part). We fur-
ther study crater modeling, enabling precise derivation
of crater instance segmentation masks (lower, zoomed-in
part).

interesting objects for study from an astrobiological stand-
point [3], [4]. Second, as resource depletion on Earth steadily
increases, small planetary bodies might become alternative
mining grounds for materials that are becoming more scarce
on Earth [5]. Third but not least, some asteroids pose an
inherent threat to Earth due to a potential impact. Scientif-
ically studying their orbits and physical composition allows
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assessing potential collisions, and helps in planning dedicated
deflection strategies for asteroid impact avoidance [6]. Yet,
asteroid research is constrained to the data collected up to the
present, limiting potential applications. While more than one
million smaller bodies have been discovered[7], comparably
only a handful have dedicated shape models. Most of them
are derived from lightcurve-inversion techniques, resulting
in coarse, low-polygon meshes without any texture. Land-
marks – most importantly, craters – have to be manually
described and indexed; a cumbersome and time-consuming
process. As a consequence, the scarcity of available data
poses a significant barrier to the advancement of automated
asteroid exploration technologies, particularly in the area of
semantic visual analysis.

In this work we address this limitation by proposing a
dedicated asteroid plugin to the Blender-based simulation
environment OAISYS [8], which readily has proven its ap-
plicability in various space exploration domains (e.g., [9],
[10]). By deforming a set of asteroid base meshes we
can realistically generate novel small bodies with physically
plausible trajectories. Aside rendering RGB-D imagery, we
offer dedicated meta-data information in the form of object-
to-camera poses. Furthermore, we study the task of synthetic
crater modeling, and propose a generative crater-generation
scheme for which annotations can be rendered in OAISYS
(see Figure 1).

The focus of this work lies on the study of synthetic crater
creation and its integration into OAISYS. Above that, we
also investigate a potential application with rendered data in
the form of asteroid crater detection to verify the extension’s
sim2real generalization capabilities.

In summary, our contributions are as follows:

• We investigate synthetic generation of craters on small
planetary bodies.
• We develop a dedicated asteroid plugin for OAISYS, al-
lowing diverse shape modeling, trajectory planning and rich
crater instance annotations.
• We investigate the application of crater detection from
synthetically generated data on real-world imagery of three
different smaller planetary bodies.

This work is organized as follows: First, Section 2 discusses
work relevant to our approach. Then Section 3 explains the
theoretical aspects of asteroid modeling, followed by the im-
plementation details of the module into OAISYS in Section 4.
Lastly, a practical application is showcased in Section 5.

2. RELATED WORK
In the following, we discuss existing asteroid databases and
datasets, and review work relevant to crater detection.

Asteroid Databases and Datasets

There exist various databases of real-world asteroid models.
The AstroVision dataset [11] is comprised of more than
115,000 gray-scale images depicting 16 different bodies from
eight missions. It includes SPC-generated watertight shape
models, and provides a landmark and depth map as well as
a binary mask for each image. The binary mask is generated
from global and dynamic intensity thresholding. Therefore,
depending on light, reflection and similar, the mask only
captures parts of the celestial body. The Database of Asteroid
Models from Inversion Techniques (DAMIT) [12] provides

shape, rotation periods, and spin axis directions information
of various asteroid bodies. Most of the models are derived
from photometric data by the lightcurve inversion method.
Similarly, NASA’s Small Bodies Node2 of the Planetary Data
System3 archives data from space missions targeted at small
bodies, and provides ground-based observations as well as
information about small bodies from published literature.
Likewise, the 3D Asteroid Catalogue4 offers meshes from
asteroids, moons, and other minor bodies generated from
lightcurve inversion, radar measurements, or spacecraft im-
agery. Compiling multiple smaller databases such as the JPL
Asteroid Radar Research5 and the aforementioned DAMIT, it
includes orbital and known physical parameters such as size,
mass and albedo, and the body’s orbit and current position in
3D.

Naturally, the availability of real-world imagery from as-
teroid bodies is limited to the respective exploration mis-
sions and fly-bys. Furthermore, most meshes are generated
by lightcurve inversion methods, resulting in low-polygon,
coarse surfaces. Regarding the scarce availability of image
data, one solution to this is employing synthetic pipelines
such as SurRender [13], a ray-tracing image rendering soft-
ware capable of generating views of various planetary bod-
ies. While different kinds of sensors can be simulated, the
emphasis is not placed on various annotations for learning-
based methods. PANGU [14], the Planet and Asteroid
Natural Scene Generation Utility, similarly models surfaces
of planetary bodies (e.g., Mars, the Moon, Mercury, and
asteroids) using real and synthetic data. It can generate
visual, thermal infrared, LiDAR, and RADAR images. As-
troGen [15] tackles the problem of coarse mesh models
by procedurally generating highly detailed and realistic 3D
meshes of small celestial bodies. The approach can generate
a wide variety of various bodies with characteristic surface
structures such as craters and caves at arbitrary resolution.
Likewise, MONET [16] deforms a 3D mesh of a generic
body and sequentially modifies it by adding synthetic craters,
boulders, and surface roughness. Primarily focusing on
the modeling aspect and particle (i.e., boulders and craters)
placement, it also provides mask, slope and depth renderings,
yet no annotations of the particles. Aimed at the planetary
exploration domain, [17] present a Gazebo-based Lunar robot
driving simulator. Specifically emulating missions at the
Moon’s polar regions, the software allows modeling of harsh
lighting and low illumination angles at these areas.

Crater Detection

Akin to the target selection for space exploration missions,
many works on crater detection focus on Lunar and Martian
surfaces: In [18] an advanced nested-attention based UNet
trained on a lunar digital elevation model is applied. A
subsequent template matching allows the calculation of lon-
gitude, latitude, and radius of the crater. Ali-Dib et al. [19]
perform instance segmentation on Lunar digital elevation
maps and successively find the closest fitting ellipse to these
masks in order to retrieve crater ellipticities. Lee et al. [20]
automate crater cataloging for geological mapping of digital
terrain model and thermal infra-red imagery on Mars. With
additional post-processing stages they achieve expert-level
performance, and verify and refine existing crater catalogs.
In [21] automated lunar crater detection is performed by

2https://pds-smallbodies.astro.umd.edu/
3https://pds.nasa.gov/
4https://3d-asteroids.space/
5https://echo.jpl.nasa.gov/
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training on 2,000 manually labeled images of the TMC-2
camera of the ISRO’s Chandrayaan-II satellite. In contrast,
Yang et al. [22] use domain adaptation to bridge the gap
between simulated and real data.

Some works focus on asteroid crater detection, where the
limited availability of annotated data is a common problem.
For instance, Latorre et al. [23] study the task of crater
detection for navigation. They employ transfer learning by
pre-training on crater images from a Moon’s digital elevation
model, and subsequently fine-tune on a small catalogue of
Ceres crater images. In [24], the recently Segment Anything
Model [25] is applied on lunar and martian images for crater
detection. Subsequently, all segmentation masks are filtered
by using shape indices (i.e., circular and elliptical shapes) to
only keep craters.

For further works we refer the reader to [26], who review
Crater Detection algorithms for Moon and Martian surfaces
based on semantic segmentation, object detection, and clas-
sification. As an earlier work and in scope of presenting
the MA130301GT catalog of Martian impact craters, in [27]
non-learning based crater detection algorithms for Martian
imagery.

3. ASTEROID MODELING
In this section we describe in detail the theoretical back-
ground of the modeling process of new asteroid shapes, the
trajectory modeling, and our suggested approach of crater
creation.

Asteroid Shape Modeling

The construction of asteroid meshes begins with the acqui-
sition of base shape models, typically derived from datasets
such as the aforementioned 3D Asteroid Catalogue, which
at the time of research contains 1,635 asteroid models in
both Stanford Triangle Format (ply) and obj formats. The
shape models are largely derived through lightcurve inversion
techniques, as shapes are reconstructed from ground-based
observations. Only a few asteroids (e.g., Eros, Itokawa, or
Vesta) have detailed shape models obtained through radar ob-
servations or spacecraft missions like Hayabusa [28], which
provide high-resolution surface data.

Once the base models are acquired, deformation processes are
applied to generate new synthetic asteroid shapes. These are
introduced using a variety of noise functions such as Voronoi,
Musgrave, and other random noise textures. Deformation
parameters are to be automatically adjusted after each batch
generation to ensure variability across synthetic models.
Other details such as craters are addressed in Section 3, which
refine the model’s topology further.

Trajectory Types

In this study, three primary asteroid trajectory types are
considered:

• Prograde / Direct: Movement in the same direction as the
celestial reference body’s rotation, such as Earth’s eastward
spin. This is the most common type of orbit observed among
celestial bodies.
• Retrograde: Contrastive to the previous movement, a retro-
grade trajectory describes the motion in the opposite direction
of a reference body’s rotation.
• Polar: Rotation over the poles of a reference body. This

path is characterized by a high inclination of approximately
90 degrees, resulting in the asteroid orbiting perpendicular to
the equatorial plane.

Each trajectory represents a distinct orbital motion of an
asteroid relative to a reference celestial body, such as Earth,
and a simplified visualization is depicted in Figure 2. The
orbital parameters, such as rotational speed and observation
period, play a crucial role in simulating realistic asteroid
trajectories: The rotational speed of an asteroid governs its
rotational behavior. Asteroids typically rotate around their
principal axis of inertia due to energy dissipation, resulting in
an oblate rotation pattern. Calculating this motion involves
determining the center of mass and moments of inertia, fol-
lowed by obtaining the asteroid’s principal axes through the
eigenvectors of the diagonal inertia matrix. Additionally, by
adjusting the observation period, the simulation can replicate
both long-term and short-term asteroid motion.

Crater Modeling

Craters are inherently distinct structures and can greatly
differ between each other. They vary in size, shape, floor
structure, degree of degradation, and more, making synthetic
modeling a difficult task. In order to offer maximum degree
of freedom for the synthesized crater structures we opt for a
similar approach as for asteroid mesh sampling, and deform
existing crater profiles. By following this paradigm we ensure
realistic appearance, are not restricted to any type of crater
(e.g., impact, volcanic or explosion crater), and can select
topological features based on the target application.

We model craters by deforming a ground mesh with dis-
placement maps, and collect such initial crater stamps from
various height maps or Digital Elevation Maps (DEMs).
These depict relief profiles in single-channel image format,
and examples are visualized in Figure 4. Having a diverse
collection of crater elevation maps, each is annotated man-
ually once by drawing the outline at the rim of the crater.
The next step is to compose them into a set of N craters
on a large canvas, which will later form the displacement
map of the material. To this end, the outside borders of
every crater need to be on a mutual height level in order
to exclude any offsets between different craters, which we
achieve by masking the height profile with a circular gradient
image. Then, we iteratively select a random crater stamp and
augment it to create a novel, yet realistic elevation map: Its
size can be changed by a simple resize, while the crater’s
height is adjusted by multiplying the elevation map with a
scaling factor. After a rotation by an arbitrary amount of
degrees we perform thin plate spline image warping to distort
its general profile. Finally, the augmented height map is
placed at a random position onto the large canvas. This
process is also visualized in Figure 5.

An important aspect while placing craters are occurrences
of overlaps. These are desired, since they model situations
where a new crater is formed (partly) atop of an existing
one, thereby modifying, most notably, the earlier crater’s rim.
We find that simple mathematical operations on the height
profiles like an average or an argmax lead to undesired arti-
facts, which is visualized in the first two images of Figure 6.
Instead, we decide to replace all height profiles up to the rim
of the new crater, while taking a gradient-weighted average
for the outside (see Figure 6 right). This resembles the
physical nature of two subsequent crater impacts well: Due to
the impact most within the new crater’s walls is destroyed and
everything outside is harmonizing with the existing height
profile. We perform additional Gaussian filtering on the
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Figure 2: From left to right: schematics of a prograde, retrograde and polar trajectory generated with the Ida asteroid,
with the observer being the reference body. The 6D pose of each object is calculated with its orbital parameters and
interpolating between the initial and final position.

Figure 3: Distribution of periods derived from ATLAS
data, showing the median, lower and upper bound.

outside parts to ensure a smooth transition to the existing
topology.

4. OAISYS EXTENSION
In this section we describe the implementation of the theo-
retical asteroid and crater modeling explained in the previ-
ous Section 3 into the Blender-based simulator OAISYS. We
want to highlight that the general approach is not limited to a
particular simulation environment.

Asteroid Modeling and Trajectory Planning

OAISYS is enhanced to support asteroid modeling and tra-
jectory generation. The foundation of this implementation is
a custom web scraper developed to automate the extraction
of asteroid models from the 3D Asteroid Catalogue. Once
the models are acquired, they are imported into OAISYS and
deformed with noise functions according to a user-specific set
of parameters to generate novel synthetic models with diverse
topology.

A trajectory generation feature supports the three primary
types of asteroid trajectories. Each asteroid’s rotational
motion is simulated by calculating its motion around the
principal axis of inertia. This behavior is modeled using the
Rodrigues’ rotation formula [29], which efficiently computes
a vector’s rotation in space given a specific axis and angle.
The rotation matrix of the asteroid is derived from the as-
teroid’s inertia matrix, which is computed with information
from the asteroid’s mesh and distance of each face to its
center of mass. The inertia matrix is then diagonalized
to obtain the eigenvalues and corresponding eigenvectors,

representing the asteroid’s principal axis. Furthermore, each
asteroid’s translational movement is modeled by generating
a trajectory defined by an initial and final position. For
each sequential sample, the asteroid’s position is calculated
by interpolating between these two points. This ensures the
asteroid remains largely within the sensors’ field of view
throughout the sequence.

To emulate realistic observation period patterns, the asteroid’s
rotational period is randomly sampled from real-world distri-
butions, typically ranging between 2.55 and 49.29 hours, with
a median period of 8.12 hours based on ATLAS data from
over 5,000 asteroids [30], as visualized in Figure 3. This
distribution follows a log-normal pattern, and by sampling
from this range, the simulation ensures that the generated data
captures the rotational diversity observed in actual asteroid
populations.

Annotation Creation and Label Mapping

Aside a standard RGB diffusion map and the crater elevation
profiles (Section 3), the texture of the asteroid is additionally
comprised of a label mapping which defines the instance
ID of a particular crater. During annotation rendering, the
material of the asteroid is changed according to the provided
mapping, thus replacing the conventional diffuse texture with
hard-coded RGB values representing the instance ids of each
crater. After rendering, these color images can be converted
to binary instance masks in the following way: First, potential
rendering artifacts resulting in slightly different color values
due to noise during the rendering process need to be removed
(a single instance area might contain, for example, the values
(166, 25, 121) and (167, 25, 122) due to noise). We detect
these differences by calculating the norm between every
unique RGB value present, and map such similar colors to
a common class id. Since the displacement map is repeated
across the surface of the asteroid, there might be multiple
crater instances with the same color value. These can be
separated via a connected component search, and are mapped
to different instance class ids. Last but not least, minor mask
artifacts are removed by applying morphological opening and
closing. Finally, we obtain a clean instance mask for the
rendered asteroid, as depicted in Figure 1 and Figure 7.

While not evaluated in this study, the pre-defined categorical
mapping of crater profiles to instance ids allows complex,
user-specific classifications into, for example, crater type (e.g.
impact, volcanic or degraded craters) or dimensional/shape
characteristics such as size, height or the proportion of major
to minor axis.
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Figure 4: Two craters and their corresponding grayscale heightmap. Left: Barringer Crater in Arizona, USA; right: a
crater in the Kasei Valles on Mars.

Figure 5: Process of crater displacement map creation. Note that the crater shapes resemble fictional structures for
illustrative purposes.

Figure 6: Different types of crater merging (best viewed
magnified). Left (argmax) and middle (mean) produce
undesired artifacts at overlapping region, while the right
side depicts realistic crater overlaps.

Additional Implementations

We enhance the material node of OAISYS to include a second
displacement map in addition to the crater profiles, since the
crater displacement map has constant values wherever no
crater is placed. This additional displacement creates small
elevation profiles and results in a more realistic appearance.
In addition to the annotation generation explained above,
OAISYS furthermore allows to save the 6D poses of the cam-
era and the object(s) in the scene, enabling data generation
for tasks like relative pose estimation.

Additionally, a new enhancement to OAISYS is the intro-
duction of the landing trajectory feature, allowing for dy-
namic sensor movement toward the asteroid during simu-
lation. Unlike the standard trajectories where the sensor
remains fixed and observes the asteroid from a distance, this
feature simulates the sensor’s gradual approach, decreasing
its distance to the asteroid with each image in the sequence.
In this configuration, the asteroid follows its trajectory, while
the sensor adjusts its position relative to it, simulating the
behavior of a spacecraft during a landing sequence. The
images capture transition from distant views to surface close-
ups, with the final images depicting the asteroid’s surface at
very close range. This effectively provides valuable data for
close-proximity operations such as landing missions.

5. ASTEROID CRATER DETECTION
While the focus of this work lies on the theoretical mod-
eling of synthetic asteroid and crater generation and the
implementation into OAISYS, in this section we examine the
applicability of exemplary generated data by investigating the
task of autonomous asteroid crater detection.

Training Dataset

As base meshes we use low-polygon asteroid meshes from
the 3D Asteroid Catalogue. We discard texture maps which
are provided for a few bodies since these readily contain
visual representations of craters, which would be incompat-
ible with our annotation approach. Instead, we use default
OAISYS rock and grayscale textures and generate craters
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Figure 7: Eight exemplary training images with corresponding instance annotations for the asteroid (in blue) and the
craters (other random colors) as fading overlay.

from digital elevation maps.

Height maps are derived from the following sources:

• Tangram Height Mapper: A highly detailed elevation
model of the Earth, allowing renderings at specific
locations and resolutions.
• Astropedia: A collection of DEMs from Moon, Mars and
other planetary bodies (including
some of their moons) and other small bodies such as Ceres or
Vesta.
• Moon displacement map: A digital elevation model at 4
pixel per degree resolution of the Lunar surface provided
from NASA’s Scientific Visualization Studio.

Very large files are first rasterized using Python’s rasterio
library6. Furthermore, we normalize tiff -Files and convert
them to 16-bit png file format. In total, we collect two craters
from Earth, four from the Moon and eleven from Mars. We
proceed by generating 50 different textures by combining ran-
domly morphologically altered crater stamps (Section 3). For
each configuration we add a random diffusion texture from
the default OAISYS’ assets, together with corresponding
displacement, normal and roughness maps. For rendering,
we select a random material configuration and a random
trajectory, and render five frames per batch. In total, we
render 5,000 samples, and apply the post-processing de-
scribed in Section 4. Example synthetic images are depicted
in Figure 7.

Detection Pipeline

The employed detector is a Yolov7 [31] trained on a Nvidia
RTX 2080 GPU for 40 epochs according to the schedule
provided by the authors7. The instance masks are con-
verted to the desired Yolo bounding box annotation for-
mat. Note that we remove instance masks which are on the
back (i.e., dark / far) side of the asteroids since these are
not visible and would potentially mislead the detector during
training. While inference is performed on the same GPU, the

6https://rasterio.readthedocs.io/en/stable/index.html
7https://github.com/WongKinYiu/yolov7

pipeline can seemingly be run on an embedded system such
as an Nvidia Jetson Orin, resulting in an inference speed of
0.4 seconds.

Test Data

To evaluate the sim2real gap of the detector trained on
synthetic imagery we employ the model on three sets of
test images stemming from one asteroid and two smaller
planetary bodies:

• The Vesta Dawn Global Mosaic8, a mosaic image of as-
teroid Vesta recorded during the DAWN mission [32], whose
middle segment we patch into 20 smaller images.
• A set of test images of Ceres9 recorded during the DAWN
mission [33].
• The Phobos Viking Global Mosaic10, a mosaic image of
Phobos recorded during the Viking mission [34], whose
middle segment we patch into 30 smaller images.

The ground truth annotation for all images is created man-
ually. We refrain from using upper and lower parts of the
mosaic images due to large distortions.

Results

While being solely trained on images of asteroids in distant
proximity, the network adapts well to the close-range test
images: Across the 63 images, the network detects 7,747 out
of 8,654 labeled crater instances with a mAP@0.5 of around
0.8 (for Vesta even 0.95 due to many small craters), as listed
in Table 1. Notably, the model shows high precision across all
bodies, indicating that almost all detections are actual craters.

Limitations are particularly visible on the exemplary predic-
tions in Figures 8, 9 and 10: First, the model tends to have
difficulties detecting large-scale craters. Solutions to this
are many-fold and include the adaptation of training data,
increasing the resize ratios in the training augmentations or
even inferring on cropped images. The second observable

8Available at https://astrogeology.usgs.gov/
9Available at https://sbn.psi.edu/pds/resource/dawn/dwncfcmosaics.html
10Available at https://astrogeology.usgs.gov/
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Table 1: Quantitative evaluation on 63 test images. The detector is able to successfully detect more than 80% of
available craters across all test images.

Data (Mission) Images Detected / Total Craters Precision Recall mAP@0.5 mAP@0.5:0.95
Vesta (Dawn) 20 3,479 / 3,599 (96,7%) 0.996 0.958 0.960 0.953
Ceres (Dawn) 13 1,348 / 1,633 (82.6%) 0.993 0.810 0.814 0.798
Phobos (Viking) 30 2,920 / 3,422 (85,3%) 0.971 0.820 0.812 0.801

limitation is directed to the nature of the crater: All craters
used in the displacement materials are classifiable as rel-
atively young impact craters (thus non-degraded), and are
consequentially characterized by steep walls. This explains
missing detections for degraded craters in the test images.

6. SUMMARY
We presented an extension to OAISYS for generative aster-
oid and small planetary body modeling from generic base
meshes. In addition, we explored synthetic crater simula-
tion, and proposed a novel approach to crater creation from
displacement maps, which can readily be rendered in the
Blender-based simulator. Last but not least, we demonstrated
that we can successfully bridge the sim2real gap by training
a detector on a set of rendered images and testing the perfor-
mance on real-world recordings of the asteroid Vesta and the
small planetary bodies Phobos and Ceres. Future directions
of this work could include, for example, the exploitation
of the additional annotations (i.e., instance masks and 6D
asteroid poses), the incorporation of other assets such as
rocks onto the planetary bodies, and improved generative
modeling of base meshes. From an application point, an
interesting research direction is presented by the possibility
of dedicated crater classification in terms of type or shape
properties. Altogether, we believe that the OAISYS asteroid
plugin is well suited for synthetic data generation pipeline
for Computer Vision applications aimed at space - and in
particular, asteroid - exploration missions.
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Figure 8: Example prediction on images of Vesta, with several mis-detections of large craters highlighted with red
circles.

8



Figure 9: Example prediction on images of Ceres, with several mis-detections highlighted with red circles. The bottom
right image shows several undetected large craters.
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Figure 10: Example prediction on images of Phobos, with several mis-detections highlighted with red circles. The model
fails to predict craters in blurry areas (bottom-right image)
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