Vision Beyond Earth: Synthetic Satellite Data
for Neural Perception in Orbit

Marcus G. Miiller'2, Wout Boerdijk' -3, Maximilian Ulmer'*, Wolfgang Stiirzl',
Abel Gawel®, Roland Siegwart?, Rudolph Triebel'-*, Maximilian Durner'->

LGerman Aerospace Center (DLR)
Institute of Robotics and Mechatronics
Miinchner Str. 20, 82234 Wessling, Germany

2Swiss Federal Institute of Technology (ETH)
Leonhardstrasse 21
8092 Zurich, Switzerland

4Karlsruhe Institute of Technology (KIT)
Kaiserstrasse 12
76131 Karlsruhe, Germany

3Technical University of Munich (TUM)
Boltzmannstrasse 3
85748 Garching, Germany

5Robotics and Al Institute (RAI)
Elias-Canetti-Strasse 2
8050 Zurich, Switzerland

Contact: Marcus.Mueller @dlr.de

Abstract—Satellites have become a critical infrastructure pillar
for modern life by supporting key services such as communi-
cation, navigation or weather forecasting. Yet, the consistent
increase of satellites orbiting Earth brings a number of chal-
lenges with it, most importantly the steady rise of the chance
of collision between orbiting bodies. At the same time, defunct
satellites often remain in orbit as space debris, further adding
to the number of items circulating Earth. Therefore, not only
active debris removal but also means of extending the life span
of a satellite - such as (preventive) maintenance and on-orbit
servicing - gain increasing importance. For a system performing
these tasks in space, perceptive capabilities are of high impor-
tance, such as the initial detection of the target satellite object,
its successive tracking to visually follow its trajectory, or even
satellite pose estimation. Here, automation is highly beneficial,
and computer vision algorithms can greatly contribute - espe-
cially neural networks have shown vast advances in recent years
for object perception tasks. Yet, the extremely harsh conditions
in space create additional challenges, and the performance of
detectors or pose estimators in industrial or house-hold applica-
tions cannot directly be expected for extra-terrestrial scenarios.
Most importantly, relevant training data is often not available,
and there is a lack of simulators supporting synthetic satellite
data generation. In this work, we present Space OAISYS,
a major extension of Outdoor Artificial Intelligent SYstems
Simulator (OAISYS), supporting vast training data generation
for the aforementioned tasks. Space OAISYS simulates satellite
missions and creates visual data which can be used in a variety of
scenarios. With the simulator one can use an arbitrary satellite
object and let it orbit around any kind of celestial body. To
use the extension for machine learning task, OAISYS Material
Drivers are introduced, which can randomize materials in a
great variety. Furthermore, the simulator is extended by sensor
moving patterns, which create a more realistic satellite render-
ing result. Strong emphasis is also placed on precise modeling of
visual artifacts in space such as intense reflections or blooming.
To ease application, a standardized storage format is integrated.
Code is available at https://github.com/DLR-RM/oaisys.
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Figure 1: Image of the International Space Station (ISS)
orbiting around Earth rendered by Space OAISYS.
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1. INTRODUCTION

Since the launch of Sputnik 1 almost seven decades ago,
satellites have gained significant importance by becoming
vital for a wide range of applications impacting both our daily
lives as well as society as a whole: They facilitate global
communication and weather forecasting, and are essential for
navigation and broadcasting. Today, the number of satellites
orbiting Earth exceeds 12,000, and the exponential growth is
believed to further continue even into 2030 [1]. This brings
increased capacity for the aforementioned applications, but at
the same time introduces significant challenges. One of the
major problems is the increase of occupied space in Earth’s
orbits, even more so due to the fact that malfunctioning
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satellites often remain in space degrading to space debris. The
consequence is a rising risk of in-orbit collisions, not only
between active spacecrafts but also with decommissioned
satellites and other types of debris. This results in mission
concepts for on-orbit servicing, e.g. DARPA’s Phoenix pro-
gram [2] or NASA’s Restore-L mission [3]. Startup com-
panies such as Effective Space? or Infinite Orbits® propose
similar solutions for prolonging a satellite’s life. Likewise,
debris removal scenarios are considered, for instance with the
RemoveDEBRIS mission by Surrey Space Center [4].

A key requirement for performing these tasks is knowledge
about the target spacecraft’s pose - i.e., its position and
attitude relative to the servicer spacecraft. Yet, the availability
of fiduciary markers cannot be guaranteed, and especially
when dealing with debris, the target is incapable of providing
information on its state. Hence, also for sake of generality,
the localization must be performed on-board the servicer and
ideally without a human in the loop.

For autonomous operation, detection and pose estima-
tion / tracking of space crafts are key requirements. These
are generally well-studied tasks, and in the house-hold and
industrial domain there exists a plethora of datasets and
standardized benchmarks (e.g., [5]). Importantly, tools like
BlenderProc [6] or Kubric [7] facilitate the creation of photo-
realistic datasets with automatic annotations for custom ob-
jects, enabling broad applicability of established algorithms
on specific tasks in various environments. Yet, the space
environment differs vastly from industrial or house-hold set-
tings: illumination conditions, high contrast, specular re-
flections or specific artifacts like blooming pose additional
challenges and need to be considered [8]. While there exist
similar benchmarks, associated datasets and designated pose
estimators for satellite applications - most notable Speed+ [9]
and EagerNet [10] - there is a considerable lack of suitable
simulators for realistic, customized satellite data generation
with respective annotations, which on top support the harsh
conditions mentioned before.

To close this gap we present Space OAISYS. It comprises
a major extension to OAISYS [11], tailored specifically
for the generation of synthetic training data in the satellite
domain. Our enhancements focus on four main aspects:
(1) environmental rendering, particularly of celestial bodies
like the Earth and the Sun to simulate realistic illumination;
(2) the realistic modeling of satellite appearances, including
materials and surface characteristics such as multi-layer insu-
lation foils; (3) OAISYS Material Drivers in order to create
random material outputs; and (4) support for a wide range
of annotations as well as the Benchmark for Object Pose
Estimation (BOP) [12] format, facilitating compatibility with
existing computer vision frameworks.

This contribution represents to our knowledge the first open-
source satellite simulator with a dedicated focus on synthetic
data generation for extra-terrestrial vision tasks. The simu-
lator plugin and associated resources are publicly available
at https://github.com/DLR-RM/oaisys.

2. RELATED WORK

In this section we review available simulators relevant to our
work, and list existing datasets.

2https://www.effective.space/
Shttps://www.infiniteorbits.io/

Space/Satellite Simulators

The Satellite Orbit Simulator (SOS)* is a free-to-use software
solving the 4-body problem to determine satellite orbits with
Earth, lunar and solar gravity included. Its main intended use
is space mission design. Similarly, the NASA Operational
Simulator for Small Satellites (NOS3)° is a suite of tools
intended to be used to validate the functionality and perfor-
mance of satellite systems before deployment.

Pangu [13] can scatter rocks and craters on randomly gener-
ated planetary surfaces, and furthermore supports inclusion of
spacecrafts. SurRender [14] is a simulator for planetary ter-
rain generation with a similar feature set. Both can generate
various image modalities including height or slope maps and
thermal or logarithmic images, but do not support any further
annotations of planet surfaces, object parts or poses.

Available Datasets

URSO (Unreal Rendered Spacecraft On-Orbit) [15] is a col-
lection of rendered images of spacecrafts orbiting Earth with
accompanying pose annotations. The dataset is created with
Unreal Engine 4 and publicly available®, but the rendering
code has not been open-sourced. Cassinis et al. [16] inves-
tigate reliable monocular pose estimation for near-range ma-
neuvers involving an uncooperative spacecraft. For training
a CNN-based detector, they render synthetic 2D images of
the Envisat spacecraft with Cinema 4D software. This data
is also employed in a subsequent work [17] for relative pose
estimation of an inactive spacecraft performed by an active
servicer spacecraft. The presented keypoint detector is then
evaluated on images recorded from a designated test bed with
a 1:25 scaled Envisat spacecraft mockup on a KUKA robotic
arm. [18] generate synthetic images of the Northrop Grum-
man Enhanced Cygnus spacecraft using the physically-based
Cycles engine of Blender [19]. Additional augmentations
(glare, lens flare and blur) as well as real satellite photos of
Earth as background images are used. The Spacecraft PosE
Estimation Dataset (SPEED)’ represents the first publicly
available dataset for spacecraft pose estimation. It consists
of 15,000 synthetic images and 300 real images recorded at
the Testbed for Rendezvous and Optical Navigation (TRON),
and has been used in the Kelvins Satellite Pose Estimation
Challenge [20]. The subsequent work SPEED+ [9] puts fur-
ther emphasis on the existing domain gap between rendered
synthetic images and real-world counterparts: It consists of
an increased number of images collected with the TRON
facility, with specific emphasis on high-fidelity spaceborne
illumination conditions. Specifically, during recording a
lightbox and a sunlamp illumination condition are used. The
dataset facilitated the second international Satellite Pose Es-
timation Challenge [21].

Altogether, the lack of available datasets for satellite-related
computer vision tasks is generally acknowledged and ad-
dressed over the past years: We observe an increase of
available data recorded in elaborated test bed facilities, and
corresponding benchmarks and challenges being set up. Still,
existing datasets feature designated satellite mock-ups and
camera parameters, and while taking diverse space-related
illuminations into account, the resulting images and anno-
tations are always constrained to specific setups and appli-
cations. While there exist a limited number of works on
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synthetic data generation, no code base is publicly available
for facilitating data generation in a customized fashion with
little manual involvement.

3. SPACE OAISYS

The OAISYS simulator is a photorealistic simulation pipeline
designed for unstructured outdoor environments, with a par-
ticular focus on planetary robotics. Built on Blender, it
enables parametric generation of diverse terrains using pro-
cedural mesh deformation, physically-based rendering (PBR)
materials, and automatic scattering of objects (e.g., rocks) to
create realistic landscapes. It produces high-fidelity multi-
level semantic and instance annotations, allowing multiple
semantic labels per object and per material. OAISYS sup-
ports configurable lighting (HDR or procedural sky), random-
ized camera poses, and outputs RGB, depth, semantic, and
instance segmentation images.

In order to use OAISYS for space scenarios, the simulator
needs to be extended by a variety of new components. For
one, it has to be extended by celestial bodies, which differ in
a few aspects from other mesh assets, for example by being
larger than most objects. Furthermore, a specific module
must be developed, which is able to make an arbitrary object
orbit around another, to simulate a satellite mission. To use
the simulator for a high variety of different-looking scenarios
and also to use it for machine-learning tasks, a module that
can randomize materials has to be developed. Finally, an
extension to use sensors in a specific space mission has to be
created. In the following, a selection of the main important
extensions to the vanilla OAISYS simulator is described.

Celestial Bodies

We further developed OAISYS to use celestial bodies in the
simulator. To spawn mesh assets, like planet models, in
OAISYS, one can use the MeshSingle module. The module
simply loads any provided Blender file, places it statically
in the scene, and attaches semantic information to it, which
can be used later for specific rendering. Although this is
sufficient for many situations, it is not enough for celestial
bodies. Such objects usually have a certain rotation axis and
velocity, which should be simulated as well to yield a realistic
output. Therefore, we extended the MeshSingle module to
also feature the option to let a mesh rotate around a specific
axis and velocity. Listing 3 shows an example of a planet
configuration.

Listing 1: Example config file for a planet.

"name": "planet",

"type": "MeshSingle",

"meshParams":
"meshFilePath":"/user/earth.blend",
"meshInstanceName": "earth",
"rotation_deg": [23, 0, 0],
"rotation_deg_step_v": 0.1,
"rotation_mode": "local",

"scale": [1.0, 1.0, 1.0],
"position": [0, 0, O]

Here, the parameter rotation_deg rotates the planet. The
parameter rotation_mode controls around which axis the ob-
ject is rotated, whereas the parameter rotation_deg_step_v

Figure 2: Example of a planet model Mars used in OAISYS.

Figure 3: Example of a possible outer solar system planet
model used in OAISYS.

defines the rotational velocity. Furthermore, some celestial
bodies, like planets, are modeled with Volume Shaders, to,
for instance, simulate the atmosphere of a given planet. These
shaders are not supported in OAISYS and break the operation
of the simulator. Therefore, we adapted OAISYS to support
these kinds of materials. Figure 2 shows an example of the
planet Mars rendered by the simulator.

Note that in principle these objects can be any kind of objects,
also any kind of planet modeled with any 3D software or
downloaded from the internet. The planet in Figure 3, for
instance, is an arbitrary model of an alien planet, which
probably does not exist in reality. Figure 4 depicts exemplary
real planets used in this study.

Satellite Module

Orbit Creation—In the vanilla version of OAISYS, users can
define OAISYS modules, which load objects into the simu-
lation. The most basic module, Mesh_Single_Module, simply
loads any kind of object. These objects are independent of
each other, meaning they do not have any information about
each other. This, however, presents a problem for a module
which spawns a satellite object, since a satellite object orbits
around another object. Therefore, the module which spawns
the satellite objects needs to have the object data of the
module that will be orbited. Since OAISYS does not provide
this option, the simulator was extended by a function that lets
OAISYS modules share object data with each other.

Each module that spawns meshes now has an extra function
called update_after_initial_mesh_creation(mesh_dict). This
function is called by OAISYS and provides each module all



Figure 4: A selection of planets used in this study. From
left to right: Mars, Mercury, Earth Moon, Phobos, Earth and
Europa. Note that Phobos was scaled by a factor of 100 for
better visibility.
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Figure 5: Left: Satellite orbiting around a celestial body.
The celestial body is a Mesh_Single_Module object, whereas
a Mesh_Satellite_Module spawns the spacecraft. Right: Ex-
ample of a hierarchical usage of Mesh_Satellite_Module. The
spacecraft, as well as the tiny celestial body are defined
as Mesh_Satellite_Module. The innter celestial body is a
standard Mesh_Single_Module.

meshes that were created by the simulator via a dictionary.
Users can modify this function for their specific tasks. For the
newly developed Mesh_Satellite_Module, the function is used
to retrieve the information of the celestial body and place the
satellite in orbit around it accordingly. With this extension,
OAISYS modules can build up dependencies with each other
and build more complex simulations without bypassing and
breaking the overall OAISYS framework.

For simulating a satellite orbiting around a planet, the user
can load the planet via Mesh_Single_Module and the satellite
via Mesh_Satellite_Module. However, the simulator is also
able to create more complex scenarios - for instance, the
stacking of Mesh_Satellite_Module. This is particular inter-
esting if one wants to simulate a spacecraft orbit around a
moon, which itself orbits around a planet. Figure 5 depicts
such orbiting scenarios.

Figure 6 depicts a selection of satellite objects used in this
paper, which are all freely available on the Internet. We used
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Figure 6: A selection of satellite objects used in this
study. From left to right: Lunar Gateway, ISS, Tango (4x
scaled), Mars Reconnaissance Orbiter (2x scaled), Voyager
(2x scaled), Lunar Reconnaissance Orbiter (4x scaled) and
the Space Shuttle. Model scalings are for better visibility.

Figure 7: Example orbit trajectories with randomly sampled
parameters. From left to right: Polar, LEO and MEO orbits.

models from ESA® and NASA®. Furthermore, we use freely
available textures'? from celestial bodies to create 3D models.

Orbit Sampling—The orbit sampling function takes a pre-
defined orbit type as input, and the xyz-dimensions of the
celestial body. It then calculates the necessary scale and
rotation parameters for the respective orbit, thereby taking
constraints such as altitudes or rotation alignment (in the
case of a Polar orbit) into account. We provide different
orbit types as initial implementations such as Low Earth
Orbit (LEO), Medium Earth Orbit (MEO), Geostationary
Earth Orbit (GEO) and Polar Orbit (PO). Importantly, a user
can easily alter the default parameters (e.g. adjust LEO
altitudes for a specific purpose), or even provide a completely
custom sampling function which is exemplary demonstrated
in Listing 2. Example orbits are visualized in Figure 7.

8https://gssc.esa.int/education/galileo3d/
https://science.nasa.gov/3d-resources/
10https://www.solarsystemscope.com/textures/
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Listing 2: Example orbit sampling function for a trajectory
around the equator in a specific altitude within LEO.

Listing 4: Example of Mesh_Satellite_Module config file with
a direct user defined orbit.

def sample_equator_orbit_parameters (

— body_radius_xyz=[6378., 6378., 6378.])
—
altitude = np.random.uniform(800., 1200.)

scale_xyz = (altitude + np.array(
— body_radius_xyz)) / np.array (
— body_radius_xyz)
rotation_rpy = np.array([np.random.uniform
~— (np.deg2rad(-5), np.deg2rad(b)),
— 0., np.random.uniform(-np.pi, np.pi
—)1)
return {
"scale_xyz": scale_xyz,
"rotation_rpy": rotation_rpy

Listing 3 provides an example of the usage of the
Mesh_Satellite_Module. Here, the dictionary orbit_params
provides the orbit information. The parameter orbit_type lets
the user choose the general type of orbit. parent defines
around which OAISYS object the orbit is placed and linked.
The parameter v_step defines the velocity of the satellite along
the orbital track. orbit_start defines the starting positing of the
satellite on the orbit.

Listing 3: Example of Mesh_Satellite_Module config file.

"name": "iss",

"type": "MeshSatelliteObject",

"meshParams":
"meshFilePath":"user/iss.blend",
"meshInstanceName": "iss",
"rotation_deg": [30., 0., 0.1,
"scale": [0.0000169332079,

0.0000169332079,
0.00001693320797,
"rotation_deg_step_v": 0.1,
"orbit_params": {
"type": "orbit_database",
"orbit_type": "LEO",
"parent": "planet",
"v_step": 0.01,
"orbit_start": 0.3

Alternatively, the user can also provide a specific desired orbit
by providing direct values. Listing 4 shows an example of
such a config file. Here, the shape of the circular orbit can
be determine by the scale parameter. rotation_deg defines the
rotation of the orbit.

OAISYS Material Driver

To develop and evaluate robust methods, introducing random
variables in the simulation are crucial. This is particular
true for data generated in order to train neural networks.
Usually, textures and materials of the provided models are
static. In Blender (and hence OAISYS), materials are defined
as graphs, called node trees. Adjusting particular nodes in
the graph can result in a variety of the material. For instance,
Figure 8 shows the same material with different values of the
material scale, which leads to different sizes of the textures.

"name": "iSS"’

"type": "MeshSatelliteObject",

"meshParams":
"meshFilePath":"user/iss.blend",
"meshInstanceName": "iss",
"rotation_deg": [30., 0., 0.1,
"scale": [0.0000169332079,

0.0000169332079,
0.00001693320791,
"rotation_deg_step_v": 0.1,

"orbit_params": {
"type": "circular",
"parent": "planet",
"scale": [1.06396989,

1.06396989,
1.06396989],
"rotation_deg":
"v_step": 0.01,
"orbit_start": 0.3

[30., 30., Ol
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Figure 8: The figure shows a sphere with a Musgrave noise
texture and the corresponding noise node. The scale value
changes the size of the noise texture. The illustrations shows
three different values for scale: 3, 5, 10 (form left to right).

In order to adjust these parameters in OAISYS, we introduce
OAISYS _Material _Drivers. With these drivers, it is possible
to extend the materials of a model by nodes, which can
later be used by OAISYS to change their values at runtime.
Users can attach a driver to any scalar value of the node
tree by creating a scalar node that begins with the keyword
OAISYS_, for example OAISYS_texture_scale. In the config
file, users can then provide the random value information for
the specific driver. The simulator crawls through the entire
node tree and searches for nodes containing the keyword, then
adjusts the values according to the config file. Values can
be adjusted for every scene once, or also for every rendering
step. Figure 9 shows the node tree from the previous example
with its attached OAISYS Material driver.

Figure 10 illustrates a model of the Mars Reconnaissance
Orbiter (MRO) for which the MLI material is changed by a
material driver. The corresponding Blender node tree with
drivers is illustrated in Figure 11 and the section of the config
file in Listing 5.
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Figure 9: Adjusting the texture scale for a Musgrave noise
texture, which can be done by the simulator.

Each driver consists of four parameters: clip_min, clip_max,
ideal, jitter variance. The ideal value defines the default
value of the node. The parameter jitter_variance states the
variance of the random value which is added to the ideal
value. Since some nodes desire a minimum and maximum
value, the driver also contains clipping values via clip_min
and clip_max. The overall variance of the applied random jit-
ter values can be controlled via the parameter jitter_strength.
Each jitter_variance value is multiplied by jitter_strength. If
Jitter_strength is set to zero, the driver is set to the ideal value.

Listing 5: Example OAISYS Material Driver for adapting
location, scale, and rotation information of a texture.

"material drivers": {
"drivers": {
"scale": {
"clip_min": 0.1,
"clip_max": 10.0,
"ideal": 1.0,
"jitter_variance": 10.0
b
"location": {
"clip_min": 0.0,
"clip_max": 1000.0,
"ideal": O,
"Jitter_variance": 1000.0
b
"rotation": {
"clip_min": 0.0,
"clip_max": 1000.0,
"ideal": O,
"jitter_variance": 1000.0

}
}/

"Jjitter_strength": 1.0,
"step_interval": 1

}

With drivers it is not only possible to drive simple scaling
operations of textures, but also create more advanced behav-
iors as illustrated in Figure 12, where the clouds are deformed
through a driver.

Sensor Module for Space Missions

We extended OAISYS to track a given object with the sensor
setup. For this, the sensor module of the simulation needs
position data of the object to be tracked. The original version
of the simulator does not provide any possibility to obtain that
information. Therefore, we introduced a new function to the
general sensor modules, called set_oaisys_objs. This function

provides the sensor module with the all meshes spawn by
OAISYS and can be used to update the position of the sensor
accordingly to the tracked object.

Additionally, we introduce a variety of sensor pose sampling
methods, which can be chosen by the user. The sensor
module can either use random sampling around the satellite
object or trajectory sampling. In random sampling, posi-
tions are sampled on a sphere with origin at the satellites
position. Since the position of the satellite is moving with
every simulation step, the sampled position on the sphere has
to be updated as well. The radius of the sphere is given
by a parameter, which also can be randomized. Therefore,
this option is well suited to create a high variety of poses
for machine learning tasks. An example config for random
sampling is shown in Listing 6.

Listing 6: Example config to use random sampling for sensor
poses.

"GENERAL": {
"sensorMovementType" :"orbit_object",
"orbit_mesh": "iss",

o
"SENSORS": [{
"type": "SensorCameraRGBD",
"sensorParams": {
"outputBaseName": "sensor_1",
"imageResolution": [640, 480],
"KMatrix": [541.14, 0, 320,

0, 541.14, 240,

o, 0, 17,
"transformation": [0,0,0,1,0,0,0],
"triggerInterval": 1,
"renderPasses": {

"RGBDPass": {
"activationSlot":[1],
"DepthEnabled": true

b

"SemanticPass": {
"activationSlot":[1, 1]

Yo

"InstancePass": {
"activationSlot":[1]

}
}
}

For creating more realistic movements of an approaching
spacecraft, we also developed a trajectory sampling module.
The space version of OAISYS supports various kinds of
pre-defined camera trajectories, which are visualized in Fig-
ure 13:

Linear Trajectory—A linear trajectory indicates straight mo-
tion from an (approaching) spacecraft towards the object
of interest. Given pre-calculated satellite positions, a user
can optionally specify relative start and end poses of the
trajectory and a relative start and end velocity to further
emulate a realistic approach (i.e., slowing down closer to the
satellite). Then, n camera positions are sampled across the
given trajectory.

Spiral Trajectory—Here, the camera circulates around the
object of interest in a spiral fashion on a given plane. A user



Figure 10: Different noise levels of a MLI material of the MRO.
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Figure 12: Different cloud noise levels with OAISYS Material Drivers.

can specify a starting position and radius, and an optional end
radius to emulate a spiral approach trajectory. Furthermore,
the total number of rotations around the object can be speci-
fied. The exemplary config template is shown in Listing 7.

Flyby Trajectory—Given a rotation number smaller than 1
(e.g. 0.25) and a declining radius, the spiral trajectory type
can directly be utilized to emulate a polynomial flyby path.

Custom Trajectories—Aside the wide range of parameters to
be specified for each of the above trajectory types, a user
can create a custom sampling function and specify this as
camera pose generator, similar to the orbit sampling func-
tion (see Section 3).

Listing 7: Example config to use a spiral approach trajectory
for sensor poses.

"GENERAL": {

"sensorMovementType" : "
approach_trajectory",

"orbit_mesh": "sat",

"orbit_radius": 0.01,

"orbit_radius_noise": O,

"approach_moving_type": "spiral",

"approach_moving_params": {

"r_start": 0.01,
"r_ end": 0.0001,
"plane": "Xy"[

"rotations": 0.25},




(a) Random camera poses (b) Linear trajectory (c) Spiral trajectory (d) Flyby trajectory

Figure 13: Different types of camera placements with a sketch illustration at the top. In the pictogram, the grayscale colors
of the satellite and camera pictograms simulates the different timesteps. The subsequent images showcase examples of the
respective trajectory.



4. SELECTED USE-CASE EXAMPLES

In the following, we showcase exemplary scenarios to high-
light the broad applicability of Space OAISYS.

Variety of Scenarios

Space OAISYS is capable of rendering any orbital object
and planetary body in highly realistic fashion. Figure 14
and Figure 15 depict qualitative examples for a variety of
space crafts (ISS, Lunar Gateway, LRO, MRO, Space Shuttle,
Tango and Voyager) and six different celestial bodies (Earth,
Mars, Mercury, Earth Moon, Europa and Phobos).

6D Pose Annotations

In our previous work [22] we integrated the option to retrieve
additional metadata of the rendered scene and assets; specif-
ically, the 6D poses of camera and asteroid. This can readily
be applied to satellite meshes, and Figure 16 illustrates this by
overlaying 6D satellite poses of Voyager during an approach
trajectory of a space craft over Earth.

Semantic Annotations

In Computer Vision, image segmentation is the process of
assigning class labels on a pixel-level. The material-based
rendering process of OAISYS enables segmentation annota-
tions in various formats, and gives a user fine-grained control
of different labels. These promote a multitude of Computer
Vision tasks, and exemplary annotations are explained in
more detail in the following. A graphical overview is shown
in Figure 17.

Semantic (Part-) Segmentation—Semantic segmentation di-
vides an image into semantically different regions. Impor-
tantly, objects of the same semantic category are assigned the
same class label. Part-wise segmentation further splits se-
mantics up into individual object-related parts. For instance,
in the case of a satellite, one could further sub-categorize the
object into a body part, a dish, an antenna, and solar panels.

Instance Segmentation—In contrast to semantic segmenta-
tion, instance segmentation separates on an instance level -
i.e., multiple objects belonging to the same semantic class
each receive a unique, instance-specific id. This is partic-
ularly helpful when interacting with the environment on a
sub-category hierarchy. As an example, consider the task of
solar panel identification for e.g. preventive maintenance or
cleaning. Here, one might not be interested in the overall
solar array, but rather detect specific panels in order to carry
out the aforementioned tasks.

Miscellaneous Render Demonstration

Last but not least, we showcase an example of the diverse
rendering outputs in Figure 18.

Simulator Hardware Performance

Rendering performance depends heavily not only on the used
computational resources, but also on the scene which is
rendered. For instance, the rendering time will significantly
increase with high resolution textures of planets or models
with a high vertices count. It is also effected by which
models are in view of the rendered image. Therefore, it
is difficult to give a general performance statement of the
simulator since it is scene depended. However, to give a
reference we include the rendering information of the image
in Figure Figure 15, which shows Voyager orbiting Phobos.
This image was rendered on an Intel(R) Core(TM) i7-8700K

CPU @ 3.70GHz, 32GB CPU RAM, NVIDIA GeForce RTX
2080 with 8GB VRAM, and took 2.5 seconds and used 822
MB of VRAM.

Although all samples are rendered with Blender’s built-in
rendering engine Cycles, OAISYS can also be extended to
use Eevee (another Blender rendering engine for real-time
rendering) or in principle other fast rendering engines, if
render speed is more important than quality. In general,
to decrease rendering time, it is useful to reduce the model
complexity of all used meshes and their texture sizes.

5. SUMMARY

In this work we present Space OAISYS, a major extension to
the OAISYS Simulator specifically designed for orbital per-
ception of space objects circulating around planetary bodies.
The main focus is set on both easy usage and full customiza-
tion to support a broad applicability: For instance, realistic
trajectories are readily integrated, but a user can seemingly
extend these with custom-written approaches. Dedicated
material drivers allow randomization of materials of celestial
bodies in a great variety for highly realistic renderings. We
have showcased the multitude of annotations including 6D
poses and various semantics. Future work might include
the incorporation of faster rendering engines like Eevee,
and the application to a diverse range of downstream tasks
like satellite detection and pose estimation. Altogether, we
believe that Space OAISYS is well suited for paving the way
for future work on neural perception in orbit.



Lunar

Earth Mars Mercury

Figure 14: Seven different space crafts orbiting Earth, Mars and Mercury.
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Earth Moon Europa Phobos

Lunar
LRO Gateway ISS

MRO

Tango

Voyager

Figure 15: Seven different space crafts orbiting Earth Moon, Europa and Phobos. Note that the visual artifacts on Phobos are
due to the limited resolution of the texture.
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Figure 16: Rendered overlays of 6D Voyager poses during
an approach flight over Earth. The red, and blue lines
denote the x, y and z coordinate axes, respectively.

Figure 17: View of the ISS above Earth with different types
of annotations. From left to right, top to bottom: Raw
RGB image, Semantic Segmentation, Part Segmentation, and
Instance Segmentation of the main solar panels. Bounding
boxes are added for enhanced visualization. Colors are
assigned randomly.
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Figure 18: Exemplary renderings of various orbital objects
and celestial bodies.
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