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Vision-based navigation is a pivotal technology for future on-orbit operations,
with Machine Learning (ML) approaches for pose estimation presenting a promis-
ing alternative to traditional computer vision techniques. Developing these ML algo-
rithms requires large datasets for training and validation. Additionally, the difficulty
of obtaining true spaceborne images drives the need for realistic, synthetic image
datasets. This work presents SPEED-UE-Cube, a new machine learning dataset for
pose estimation of a non-cooperative target to enable the commercial development
of ML algorithms for vision-based navigation . SPEED-UE-Cube builds on previous
datasets, such as the Spacecraft PosE Estimation Dataset (SPEED) but is rendered
using Unreal Engine (UE) and employs a 3U CubeSat as the target. It comprises
30,000 randomized training images and 1,186 sequential images of a rendezvous
trajectory between the target and a servicer spacecraft. The trajectory dataset is gen-
erated and evaluated using a new open-loop Rendezvous, Proximity Operations, and
Docking (RPOD) simulation architecture that can be used to evaluate a pose estima-
tion Convolutional Neural Network (CNN) online. Pose labels for the target Cube-
Sat with respect to the servicer accompany all images in the training and trajectory
datasets to facilitate supervised learning. The results from a comparative analysis
between the SPEED-UE-Cube training subset and SPEED and the evaluation of the
trajectory subset within the RPOD simulation framework indicate that SPEED-UE-
Cube is a more challenging dataset for pose estimation than SPEED, particularly
concerning the prediction of the relative orientation of the target.

INTRODUCTION

Autonomous, vision-based spacecraft navigation is a key enabler for future capabilities in areas
such as Rendezvous, Proximity Operations, and Docking (RPOD) and In-Space Servicing, Assem-
bly, and Manufacturing (ISAM) at scale. A critical step in vision-based navigation is determining
the target’s position and orientation, also known as its pose. Machine Learning (ML) algorithms
such as Convolutional Neural Networks (CNN), have been recently shown to accurately and effi-
ciently characterize the pose of a target spacecraft using images obtained with a monocular cam-
era™® The low Size, Weight, Power and Cost (SWaP-C) requirements for monocular cameras
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combined with the high performance of these pose estimation CNNs make them an increasingly
attractive technology for future RPOD and ISAM missions.

However, developing and deploying these ML approaches requires large training and evalua-
tion datasets. The challenge of acquiring true spaceborne images also drives a reliance on syn-
thetic image datasets. Only a few such datasets exist today, such as the Spacecraft PosE Esti-
mation Dataset (SPEED” and SPEED+9), the Satellite Hardware-In-the-Loop Rendezvous Trajec-
tory dataset (SHIRT),2® the SPAcecraft Recognition leveraging Knowledge of space environment
(SPARK) dataset” and the Unreal Rendered Spacecrafts On-Orbit (URSO) dataset, ' which provide
labeled synthetic and hardware-in-the-loop images as a surrogate of actual spaceborne imagery. Al-
though these datasets are publicly available, most are prohibited for commercial use, limiting the
development of ML algorithms in the commercial space sector.

This work presents SPEED-UE-Cube, a new commercially available machine learning dataset
for monocular pose estimation of a non-cooperative target. SPEED-UE-Cube addresses the grow-
ing interest in ML approaches for autonomous spacecraft navigation by increasing the amount of
synthetic spaceborne imagery available for training and evaluation. It was developed by the Space
Rendezvous Laboratory (SLAB) at Stanford University in partnership with MathWorks. SPEED-
UE-Cube differs from its predecessors, SPEED and SHIRT, in several ways beyond its commercial
availability. First, the images are rendered using Unreal Engine (UE) 5 instead of OpenGL, al-
lowing greater control over the space scene. Second, it employs a 3U CubeSat model created by
MathWorks as the target, deviating from previous datasets that employed a model of the Tango
spacecraft from the PRISMA mission ! Figure|1{shows the CubeSat’s 3D CAD model. The Cube-
Sat has two extended solar panels and three antennae that provide limited structural asymmetry,
making it a realistic yet challenging target for ML pose estimation algorithms.

SPEED-UE-Cube consists of two distinct subsets: a randomly distributed training dataset of
30,000 images of a target spacecraft, and a trajectory dataset of 1,186 sequential images that model
a rendezvous scenario between the target and a servicer spacecraft. The training dataset is ran-
domized to capture a range of background, illumination conditions, and relative CubeSat posi-
tions and orientations. It is split into an 80:20 training/validation split. This work also presents a
comparative analysis of a spacecraft pose estimation CNN to verify the performance of the train-
ing dataset. It is implemented in MATLAB® R2023b using the Deep Learning Toolbox™and is
trained and evaluated on SPEED-UE-Cube and SPEED. Conversely, the trajectory dataset is a se-
quential test set designed to evaluate pose estimation algorithms on realistic RPOD scenarios instead
of single, randomized images. It is generated and evaluated using an open-loop RPOD simulation
pipeline that can further evaluate the robustness of a pose estimation CNN on additional trajectories.
The training and trajectory datasets are publicly available at https://purl.stanford.edu/
hw812wb1641. The MATLAB implementation of the pose estimation CNN is also available at
https://gi1thub.com/tpark94/speed-ue-cube-baseline

The remainder of the paper is as follows. First, the dataset generation section provides details
about the UE scene and any rendering properties, followed by details on the pose labels for the
training dataset. Next, the performance analysis section shows the results from a pose estimation
CNN trained and evaluated on the training dataset and compares these results to those obtained with
SPEED. Then, the RPOD simulation section introduces the open-loop simulation framework used
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Figure 1: A 3D model of the target CubeSat created by MathWorks in collaboration with SLAB.

to generate and evaluate the trajectory dataset before providing CNN results when evaluated on the
trajectory. Finally, the paper concludes with a contributions summary and describes how this work
will be extended regarding the dataset and RPOD simulation.

DATASET GENERATION

This section describes the rendering environment used to generate SPEED-UE-Cube and details
the training subset properties regarding the pose label distribution.

Unreal Engine Scene

Unlike the previous datasets developed by SLAB such as SPEED"® and SPEED+8 which used
OpenGL to render synthetic images, SPEED-UE-Cube uses Unreal Engine 5 as its renderer. OpenGL
rendered accurate images of a spacecraft such that the pixel intensity distributions of both OpenGL-
based synthetic and spaceborne images with identical pose labels matched with high accuracy.ﬁzl
This was achieved without high-fidelity physics-based rendering, allowing fast rendering speed.
Moreover, the real Earth images captured by the Himawari-8 geostationary (GEO) meteorological
satellite were inserted in the background for additional realism. This means it is impossible to con-
trol the appearance of the Earth background based on the satellite’s altitude and viewing direction.
However, the background affects ML datasets only marginally, since the goal of an ML algorithm
for pose estimation is to be agnostic to image backgrounds.

Compared to the OpenGL-based renderer for SPEED, UE can render a high-fidelity world with
intricate physically-based rendering models. Specifically, UE allows construction of a realistic space
scene with Earth, Sun and stellar backgrounds as it is a game engine developed with the goal of
realizing high Frames Per Second (FPS) and high-quality scenes .

To generate synthetic training data, it is necessary to use an Application Programming Interface
(API) to connect to the UE renderer. Depending on the version of UE, this can be a MathWorks,
Python, C++, or custom API. SPEED-UE-Cube adopted a C++ API to connect to UE 5.

Actors

The constructed scene is a 1/10 scale of the universe whose reference frame coincides with the
Earth-Centered Inertial (ECI) frame. It consists of several actors, essentially UE entities that can



be manipulated and moved around. These include the CameraActor, the DirectionalLight
which acts as the Sun, and various StaticMeshActors for the CubeSat, Earth, Moon, and stars.
Some of these actors are visualized in Figure 2] The high-resolution surface textures for the Earth
and its clouds are obtained from the NASA Blue Marble collection [IFIFIfll The cloud texture is
applied as a transparent material to a separate sphere mesh slightly larger than the Earth mesh.
Therefore, the clouds can be rotated around the Earth’s surface. The Earth also includes the UE
built-in SkyAtmosphere component[ﬂ to emulate realistic atmosphere effects such as Rayleigh
and Mie scattering.

Figure 2: The camera, CubeSat, Earth and Sun actors. This image depicts the scene as viewed from
the UE editor instead of a rendered scene via the camera actor for visualization purposes.

Camera Effects.

The camera is modeled as a Point Grey Grasshopper 3 with a Xenoplan 1.4/17mm lens. Specif-
ically, the camera has a 1920 1200 pixels resolution and the horizontal field of view (FOV) of
35.6 . This is the same camera used to create SPEED" dataset images. Ref. |5|provides more camera
model details.

Typically, the scenes rendered by game engines tend to prioritize a better gaming experience than
scientific accuracy. Therefore, it is important to model the camera physics accurately to emulate the
spaceborne imagery properly which is typically characterized by high contrast and low signal-to-
noise ratio (SNR). In this work, the field depth is adjusted based on the distance to the target when
capturing the scene through the camera actor. It is slightly perturbed when creating the training

'https://visibleearth.nasa.gov/col lection/1484/blue-marble
*Earth Topography Sources: Jesse Allen, NASA’s Earth Observatory, using data from the General Bathymetric Chart
of the Oceans (GEBCO) produced by the British Oceanographic Data Centre, Reto Stockli, NASA Earth Observatory.
SEarth Color Map Source: NASA Earth Observatory images by Joshua Stevens, using Suomi NPP VIIRS data from
Miguel Roman.
ICloud Texture Source: NASA Goddard Space Flight Center Image by Reto Stéckli. Enhancements by Robert Sim-
mon. Data and technical support: MODIS Land Group; MODIS Science Data Support Team; MODIS Atmosphere
Group; MODIS Ocean Group.
'https://docs.unrealengine.com/5.1/en-US/sky-atmosphere-component-in-unreal-engine/
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dataset to add some blurring effect due to miscalibrated depth of field. Additionally, the image is
post-processed in UE with built-in random film grain noise, chromatic aberration and vignette™]

Training Dataset Pose Labels

The training dataset comprises 30,000 RGB images with an 80:20 training/validation split. These
images were created by generating 30,000 ground-truth labels containing the metadata necessary to
render the images first, including the inter-spacecraft pose and the locations of the servicer’s camera,
Earth, Sun, and Moon.

The target’s relative position labels are created by uniformly sampling the distance along the z-
axis (i.e., camera boresight) within [1.5, 15] (m) and the position along the Xy-axes (i.e., image
plane) such that the entire CubeSat fits within the image frame. Theoretically, the CubeSat would
still appear resolved beyond 15 m for the PointGrey camera model. However, heavy occlusion
due to shadowing makes it nearly impossible to identify its presence at extreme distances for a
wide range of incident light angles. Therefore, 15 m was chosen as an ad hoc maximum distance
representative of RPOD terminal phases. The relative orientation labels are randomly sampled from
the SO(3) space using the subgroup algorithm, similar to SPEED. The position and orientation
labels distributions are visualized in Figure 3]

For each image, the camera is placed at an arbitrary altitude randomly sampled from a range
between 700 km in Low-Earth Orbit (LEO) and Geostationary Orbit (GEO). It is important to ensure
that (1) the Earth does not block the Sun and that (2) the Sun is not in direct view of the camera
when placing the camera randomly in the UE scene. This is achieved by ensuring two conditions
on the camera’s absolute position and orientation:

1. The angle between the vectors from the Earth to camera (g x ¢) and from the Earth to the
Sun (rg » s) can never be larger than 60 , and

2. The angle between the camera boresight (2¢c) and the vector from the camera to the Sun
(rc » s) can never be smaller than 75 .

The first condition ensures that the Sun is never blocked by the Earth and always illuminates the
CubeSat. Theoretically, this angle varies depending on the servicer’s altitude and can be larger than
90 . However, the lack of Earth’s albedo light made it increasingly likely that the CubeSat would be

“https://docs.unrealengine.com/5.1/en-US/post-process-effects-in-unreal-engine/
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Figure 3: Position (left) and orientation (right) label distributions for SPEED-UE-Cube.
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Figure 4. Earth (eft) and Sun ight) normalized position distributions in the camera reference
frame. Note that 2c coincides with the camera boresight.

under-illuminated at larger angular separations. There@freywas chosen as an ad hoc maximum
angle betweemng, ¢ andrg, s. The second condition ensures that the Sun is always outside the
camera FOV. In fact, directly facing the Sun is not desired in real missions due to typical exclusion
requirements and potential damage to the camera. The minifdungular separation is also an

ad hoc choice to ensure that the bare minimum of the CubeSat's surface is re ected back to the
camera for visibility.

The training dataset is created while respecting the two conditions above. The rst 15,000 images
are rendered without the Earth in the background by forcing it outside the camera FOV. Conversely,
the other 15,000 images are rendered forcingsidethe camera FOV. The dichotomy of the pres-
ence and absence of the Earth background is visualized in Figure 4 which shows the concentration
of the Earth's normalized positions along the positvaxis (i.e., the camera boresight). The gure
also shows the distribution of the Sun's normalized positions which obey condition #2 (i.e., the Sun
vector is never within th&5 angle from the camera boresight). Figure 5 shows sample images from
the SPEED-UE-Cube training set depicting the variability in background, illumination conditions,
and distance to the target.

PERFORMANCE ANALYSIS

This section describes the pose estimation performance studies used to evaluate SPEED-UE-
Cube. The purpose of these studies was two-fold. First, they were used to understand the baseline
performance of a Convolutional Neural Network (CNN) architecture trained on SPEED-UE-Cube
compared to the similar, well-established SPEED dataset. Second, these analyses were used to
identify any unacceptable outliers in SPEED-UE-Cube that should be manually removed. Unac-
ceptable outliers were de ned as any images where the CubeSat is completely occluded due to the
illumination conditions and cannot be visually identi ed. Such images are distinct from acceptable
outliers where the CubeSat is dif cult to identify while some CubeSat features are still visible. The
latter serve as challenging cases retained in the dataset to evaluate the robustness of the pose esti-
mation algorithms. Overall, evaluating the outliers is important in ensuring that SPEED-UE-Cube
is aligned with the boundary conditions under which a pose estimation CNN could be reasonably
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