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Abstract— NASA’s Artemis missions are paving the way for
the return of sustained human operations on and around the
Moon. A key challenge for extended space missions is the
unprecedented level of autonomy required for system control.
This need arises from communication delays and limited human
oversight. A critical component of autonomous operation is the
ability of external robotic systems—such as future versions
of the Canadarm2 currently operating on the International
Space Station—to detect hazards from onboard imagery under
extreme and variable lighting conditions. Traditional anomaly
detection methods, which rely heavily on large labelled datasets,
are not well suited for this setting due to the scarcity of
representative imagery and the difficulty of obtaining ground-
truth annotations. To address this gap, we introduce ALLO
(Anomaly Detection in Lunar Orbit), a novel photorealistic
synthetic dataset generated using Blender. The dataset includes
36,385 anomaly-free images and 15,024 anomalous images rep-
resenting robotic-arm operations in lunar orbit, with realistic
variations in illumination, pose, and background. We contribute
(i) a photorealistic dataset for anomaly detection, (ii) an open-
source Blender-based data generation pipeline for scalable
dataset creation, and (iii) a qualitative validation of the rendered
imagery against real photographs from the International Space
Station (ISS). By releasing both ALLO and its data generation
pipeline, we provide a tool for creating realistic space datasets
and for developing and evaluating anomaly detection and
localization methods for space applications. The dataset and
code are available at: https://github.com/utiasSTARS/ALLO.git.

I. INTRODUCTION

Over the past two decades, the international space commu-
nity has increasingly focused on extending human space ex-
ploration beyond low-Earth orbit. NASA’s Artemis program,
for example, aims to establish a sustained human presence on
the Moon and to test technologies required for future deep-
space missions [1]. In support of this effort, new systems
are being developed to operate in lunar orbit. Unlike the
International Space Station (ISS), lunar-orbiting platforms
are expected to function with a high degree of autonomy and
without an onboard, human crew for extended periods during
surface missions. The large distance between Earth and these
spacecraft, combined with their orbital dynamics, limits the
availability of fast and reliable communication for real-time
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Fig. 1: Blender rendering of the ISS model used in the ALLO
dataset. The Earth, the Moon, and the Sun are shown in the
background; reference camera positions around the station
are highlighted in orange.

control [2]. As a result, autonomy is particularly critical for
systems such as Canadarm3, an advanced external robotic
system being developed by MDA Space Ltd. in collaboration
with the Canadian Space Agency. Canadarm3 is intended to
support a range of on-orbit servicing, inspection, and vehicle
capture operations for future lunar-orbiting platforms [3].

Of particular interest are vision-based solutions that use
the arm’s cameras to autonomously detect potential collision
hazards, such as loose tools or debris, thereby reducing the
risk of damage during autonomous operations. Since the type
and appearance of all possible hazards cannot be known in
advance, it is desirable for the vision system to perform
anomaly detection, that is, recognizing off-nominal situations
that differ from expected operating conditions.

Anomaly detection and localization involve identifying
and pinpointing unexpected content in images that deviates
from a set of expected inputs, such as debris, foreign objects,
or structural irregularities. Such methods aim to detect pixels,
features, or objects that differ statistically from an established
baseline [4]. In the space domain, this task is particularly
challenging due to high-contrast lighting conditions arising
from the absence of atmospheric scattering, harsh direct
solar illumination, and large variations in viewpoints during
robotic operations. These factors can reduce visual contrast
and make reliable detection difficult.

Although reliable anomaly detection would be highly valu-
able for reducing the risk of collisions involving Canadarm3,
current methods and datasets are not tailored to this setting.
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Available space image datasets from on-orbit operations,
such as imagery from Canadarm2 on the ISS, are limited
and insufficient for developing anomaly detection algorithms
for lunar-orbiting systems. In particular, images from past
missions often lack ground-truth annotations and are not
representative of operations in lunar orbit. To bridge this gap,
we introduce an open-source dataset for anomaly detection
and localization in robotic proximity operations in lunar
orbit. Our main contributions are as follows.

o We develop a simulator and automated data generation
pipeline using Blender’s Cycles rendering engine.

o We introduce the ALLO (Anomaly Localization in Lu-
nar Orbit) dataset, an open-source dataset for anomaly
detection in vision-based proximity operations for space
robotic systems. The dataset comprises 36,385 anomaly-
free images and 15,024 anomalous images with pixel-
level ground-truth maps.

o We validate the fidelity of the rendering process by
reconstructing images captured in Earth orbit using ISS
camera configurations and qualitatively comparing them
to real imagery.

o We release both the ALLO dataset and the data genera-
tion pipeline to support the development of vision-based
algorithms for space operations.

The remainder of this paper is structured as follows. Sec-
tion [ reviews existing space imagery and anomaly detection
datasets. Section [l1I| details the Blender model used to simu-
late spacecraft operations in lunar orbit. Section [[V]describes
the image rendering process used to generate the ALLO
dataset and Section [V] evaluates the fidelity of the resulting
images. The ALLO dataset and the data generation pipeline
are available at https://github.com/utiasSTARS/ALLO.git.

II. RELATED WORK

Although visual anomaly detection has not yet been ap-
plied to the space domain, there is substantial prior work
on synthetic vision-based navigation datasets for space ex-
ploration and, separately, on anomaly detection for industrial
inspection. In this section, we review existing visual datasets
for space missions, followed by commonly used benchmarks
for visual anomaly detection.

A. Datasets for Space Operations

Vision-based algorithms are increasingly used in space
exploration missions, including planetary landings and on-
orbit operations, because they enable autonomous navigation
and perception. Developing and validating such algorithms
requires accurate and representative images of the anticipated
deployment scenarios. Images from past space missions are
usually unsuitable for this purpose because they may not
reflect the conditions of a new mission, may lack ground
truth references, or may have incorrect sensor configurations
[5], [6]. In some cases, acquiring new real images is impossi-
ble or inadequate because relevant environmental conditions
cannot be reproduced on Earth [7].

As a result, computer-generated images are frequently
used to prototype and evaluate vision-based algorithms. Im-
ages are typically created using rendering engines that apply
path tracing to simulate light transport. Rendering programs
rely on engines such as Cycles [8] or Unreal Engine 5 [9]
to replicate anticipated mission environments.

NASA developed the DLES Unreal Simulation Tool
(DUST) [10] to generate scenes of the lunar south pole in
support of the Artemis missions. DUST uses lunar terrain
information from the Digital Lunar Exploration Sites (DLES)
dataset with Unreal Engine 5 rendering. Similarly, ESA
developed the Planet and Asteroid Natural Scene Generation
Utility (PANGU) [11] to create images of planetary surfaces.
Unlike DUST, which focuses on supporting the development
of lunar surface missions, PANGU emphasizes views of a
planetary body during spacecraft descent, with particular
attention to cratered terrain such as that found on the Moon
and Mars.

For on-orbit applications, Airbus designed SurRender [5],
a rendering framework for vision-based guidance, navigation,
and control tasks such as satellite servicing and debris-
removal operations. SurRender uses a domain-specific lan-
guage derived from C to model projection, geometry, mate-
rial properties, and reflectance. The Space Imaging Simulator
for Proximity Operations (SISPO) [7] was developed to
simulate asteroid imagery for proximity and fly-by missions.
SISPO leverages Blender’s Cycles engine to calculate the
illumination of the simulated scene. Specifically, the software
aims to model challenging phenomena such as gas and dust
around asteroids.

Some rendering programs incorporate additional sensing
modalities with the rendered images to extend possible ap-
plications. The Navigation and Rendering Pipeline for Astro-
nautics (NaRPA) [12] was devised for spacecraft navigation
around non-Earth celestial bodies and includes modalities
such as LiDAR point clouds and stereo depth. The TANGO
dataset [6] uses a CAD model of the TANGO spacecraft
from the 2010 PRISMA satellite project for autonomous
formation flying to generate a synthetic dataset for monocular
spacecraft pose estimation, together with ground truth pose
labels.

Overall, current image generation methods for vision-
based algorithms in the space domain are largely bespoke,
mission-specific, and tailored to tasks such as landing, pose
estimation, or asteroid proximity operations. As a result, the
generated imagery is often are not readily transferable to
robotic inspection tasks. In addition, many of these existing
tools are not open source, which limits adaptation to new
mission scenarios. These limitations motivate the develop-
ment of a rendering pipeline and dataset tailored to anomaly
detection for worksite surveying by the Canadarm3.

B. Datasets for Industrial Defect Inspection

Most recent progress in visual anomaly detection has
been driven by industrial inspection benchmarks. The 2D
MVTec anomaly detection dataset [13] is the most widely
used benchmark for this application due to its pixel-level
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Fig. 2: Blender model of the ISS used in the ALLO dataset.

annotations and diverse range of objects and textures [14].
Other commonly used datasets, such as BTech [15] and
Kolektor [16], also focus on defect detection in controlled
inspection settings. However, these datasets typically involve
fixed viewpoints, relatively consistent lighting, and sim-
ple backgrounds. In contrast, anomaly detection for space-
based robotic inspection must contend with substantial view-
point variation, highly nonuniform illumination, and complex
backgrounds. These characteristics are not well represented
in existing anomaly detection benchmarks, which motivates a
dedicated dataset for anomaly detection in space operations.

III. BLENDER MODEL SETUP

Images acquired by robotic manipulators such as
Canadarm3, whether on future lunar-orbiting platforms or
other spacecraft, are expected to exhibit significant variability
in lighting conditions. The variability arises from several
sources, including the dark background of space, direct solar
illumination, indirect reflections from the lunar surface and
the station structure, and artificial illumination provided by
the arm’s inspection lights. Accurately reproducing these
lighting conditions is essential for generating realistic train-
ing data for visual anomaly detection. Blender was chosen
to create the ALLO dataset and replicate these lighting
conditions because its Cycles rendering engine uses path
tracing to calculate highly realistic lighting.

In Blender, the operation of a space station around the
Moon was simulated, with the Earth and Sun in the back-
ground, using NASA’s Blender model of the ISS [17], shown
in Figure 2] The Lunar Gateway’s orbit around the moon was
approximated in Blender using an elliptical trajectory with
parameters corresponding to the station’s expected perilune
and apolune [18]. To simulate the evolving lighting condi-
tions throughout the mission, the relative positions of the
Earth and sun with respect to the moon were computed using
the Skyfield astronomical library [19]. Ephemeris data from
the year 2030 was used to generate physically accurate po-
sitions for these celestial bodies. The positions of the Moon,
Earth, and Sun relative to the station were then simulated
over a full 365-day period, allowing the dataset to capture

TABLE I: Blender camera parameters used to render the
images in the ALLO dataset.

Camera Parameter Value
Camera Type Perspective
Focal Length 25 mm
Horizontal Sensor Size 36 mm
Vertical Sensor Size 24 mm

the wide range of lighting and background configurations
expected during operation.

To simulate the viewpoints of the arm-mounted cameras,
50 unique base camera poses were manually defined around
the station model. These poses correspond to representative
locations along potential trajectories of the Canadarm3 near
the arm’s external mounting fixtures. To introduce realis-
tic variability in camera placement and improve viewpoint
diversity, each base pose was randomly perturbed during
rendering. Gaussian noise was applied to both the camera
position and orientation, with standard deviations of 1 m
for translational offsets and 0.2 rad for rotational offsets
(roll, pitch, and yaw). This perturbation strategy increases
the diversity of viewpoints while maintaining coverage of
key station regions relevant to inspection tasks. The station
model and some of the reference camera positions are shown
in Fig. [T} the Blender camera parameters are listed in Table[]

IV. IMAGE RENDERING

Different camera poses are used for the training and test
sets to prevent overlap between viewpoints and reduce the
likelihood of a learned model memorizing specific station
perspectives. Only the test set includes scenes containing
anomalous objects that represent potential collision hazards
for the robotic manipulator. A total of 16 distinct anomalous
object models are used (see Fig. ). These objects were
selected to reflect plausible hazards, including dislodged
station components (e.g., thermal blankets or loose cables),
items that may be lost during extravehicular activities (e.g.,
astronaut tools or gloves), and objects resembling experimen-
tal hardware from prior missions.

For each anomalous scene, only one such object is inserted
into the camera’s view frustum to simplify evaluation. The
object is randomly positioned within the frustum in the
vicinity of the station structure. To introduce variation in
apparent object size and depth, the object is rendered at
five different distances from the camera: an initial randomly
sampled depth and four additional depths obtained by dis-
placing the object by =1 m and £2 m along the viewing
direction. To ensure that anomalies remain visible and con-
tribute meaningful supervision during evaluation, additional
placement constraints are applied. If the inserted anomaly
becomes totally occluded by the station geometry or occupies
less than 0.1% of the rendered image area after projection,
the object is repositioned until these visibility criteria are
satisfied. This procedure produces a diverse range of anomaly
appearances while maintaining physically plausible object
placements near the station.



(a) Scene setup.

(b) Adding camera and anomaly.

(c) Anomalous image render. (d) Segmentation mask.

Fig. 3: Rendering process for an anomalous image in the ALLO dataset. The setup of the station and celestial bodies are
shown in [3a the placement of the camera and anomalous cable are shown in [3b] and the rendered anomalous image and
the corresponding segmentation mask are presented in [3c| and @ respectively.
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Fig. 4: Examples of models of anomalous objects used in the ALLO dataset.

All rendered images have a resolution of 1,920 x 1,080
pixels. Each image is accompanied by a three-class segmen-
tation mask that labels pixels as background, non-anomalous
foreground (including station structures and celestial bodies),
or anomalous regions corresponding to the inserted anoma-
lous objects. The complete rendering pipeline, illustrated in
Fig. 3] is executed twice using different random seeds to
increase dataset diversity. Example images from the resulting
dataset are shown in Fig. 5] and Fig. [}

In summary, scenes are generated for each day represented
in the ephemeris dataset by first positioning the Moon, Earth,
and Sun according to their computed celestial coordinates.
Camera poses are then selected from the predefined set, with
indices 0-39 reserved for normal scenes and indices 40—
49 used for anomalous scenes. For each camera pose and
anomaly configuration, the following procedure is executed:

1) Place the camera at the selected pose and apply Gaus-
sian perturbations to its position and orientation.

2) Add a nearby spotlight to simulate the arm-mounted
inspection light.

3) If the scene is anomalous:

a) Insert a randomly selected anomalous object into
the camera view frustum.

b) Reposition the object if necessary to ensure it re-
mains visible and sufficiently large in the image.

4) Apply simulated image artifacts, including sensor noise
and lens glare.

5) Render the image and the corresponding segmentation
mask using the Blender Cycles rendering engine.

A total of 51,409 images were rendered and the breakdown
of normal and anomalous images in the training and test sets
is shown in Table [

TABLE II: Composition of the ALLO dataset (camera poses
and images) across the training and test sets. The training set
is composed exclusively of normal images, while the test set
contains both normal and anomalous images rendered from
disjoint sets of camera poses.

Dataset Set Training Test Total
Camera Poses 1-40 41-50 50

Normal Images 29,085 7,300 36,385
Anomalous Images 0 15,024 15,024

V. DATASET VALIDATION

To assess the realism of the synthetic images in the ALLO
dataset, we compared them with real photographs of the
International Space Station (ISS) captured during previous
missions. For this comparison, a set of real ISS images
was selected and corresponding camera poses were manually
approximated in Blender. These poses were adjusted to align
the synthetic camera viewpoint with the perspective of the
real photographs, enabling a direct visual comparison of sta-
tion geometry, lighting conditions, and surface appearance.
Example real-synthetic image pairs are shown in Fig.[7] This
qualitative comparison demonstrates that the rendered images
reproduce key visual characteristics observed in real space
imagery, including shadowing patterns, surface reflections,
and large-scale illumination effects.

To further quantify the similarity between real and syn-
thetic imagery, we evaluated two commonly used image
similarity metrics: the Learned Perceptual Image Patch Simi-
larity (LPIPS) metric [20] and the Fréchet Inception Distance
(FID) [21]. Using ten manually aligned real-synthetic image
pairs, we obtained an average LPIPS score of 0.58. This
value is comparable to those reported for several modern
image synthesis models, including GILL (~0.70 on the VIST



dataset) [22] and Stable Diffusion XL (0.88 on COCO2017)
[23]. The FID score was calculated between 319 ALLO
training images and a set of historical ISS photographs,
resulting in a score of 3.61. This value compares favourably
with those reported for several recent generative models,
including DiGIT [24], which reports an FID of 4.59 on
ImageNet, and LC-GAN [25], which achieves an FID of 5.77
on AFHQ-v2.

The qualitative comparisons and quantitative metrics in-
dicate that the ALLO synthetic images capture many of the
visual characteristics of real space imagery. This suggests
that the dataset provides a sufficiently realistic visual domain
for evaluating anomaly detection methods intended for space-
based robotic inspection tasks.

VI. CONCLUSION

Space imagery presents challenges for autonomous naviga-
tion due to varying lighting conditions and complex scene ge-
ometry. These challenges must be addressed before a robust
algorithm can be deployed on a space station. We introduce

Fig. 7: Real images of the ISS (left) and their synthetic
recreations (right).

the ALLO dataset and its automated data generation pipeline,
marking the first open-source anomaly detection dataset
featuring images from lunar orbit. We demonstrate that the
image in the ALLO dataset are realistic and reflective of
the those that are expected to be captured by Canadarm3 on



lunar-orbiting vehicles. As autonomy becomes increasingly
important in future missions, we aim for this dataset and data
generation pipeline to be foundational in developing robust
anomaly detection algorithms for space exploration.
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