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Abstract

Accurate relative pose estimation of non-cooperative spacecraft is essential for on-orbit servicing and ac-
tive debris removal, serving as a critical component of autonomous navigation by providing position and
orientation measurements for navigation filters. Convolutional neural networks (CNNs) have shown su-
perior performance in monocular pose estimation over traditional methods. However, CNNs-based meth-
ods are limited in capturing global image dependencies, and low illumination, texture-less, and motion
blur in the space environment present significant challenges for those monocular optical camera-based
approaches. To improve performance in challenging space environments, we propose a novel 6D pose
estimation method leveraging event streams and Transformer model. Compared with the traditional opti-
cal sensors, event cameras offer advantages such as microsecond-level temporal resolution, high dynamic
range, and low power consumption, making them superior in motion-related tasks and robust to lighting
variations. Specifically, we design an architecture combining CNNs and Transformer to estimate keypoint
heatmaps. The pipeline first converts event streams into event images, extracts local features via a CNN
backbone, and encodes long-range dependencies among spatial features of the events using a Transformer
encoder. The multi-head self-attention layers built in Transformer enable our model to capture global con-
textual information and reveal what dependencies the predicted keypoints rely on. This is followed by a
keypoint heatmaps regression head, which estimates the target keypoints at the sub-pixel level based on
Gaussian peaks. Finally, our method estimates the 6D pose by solving the Perspective-n-Point problem.
To support this research, we generated an Event-Monocular-Spacecraft (EMS) dataset, a publicly available
synthetic event monocular dataset, containing RGB images under varied lighting conditions, correspond-
ing event streams, and precise pose labels. The proposed method’s performance is evaluated on the E-M-S
dataset. Extensive experiments demonstrate that the proposed method achieves a high-precision estimation
rate of 84%, representing an 8% improvement over traditional optical models. Furthermore, it outperforms
other state-of-the-art event-based methods, achieving superior pose estimation accuracy and maintaining
robust performance under extreme lighting conditions.

1. Introduction

Recent advancements in aerospace engineering have enabled a wide range of space missions, including active debris
removal [1], robotic servicing of defunct satellites [2], and autonomous rendezvous and docking maneuvers [3]. In such
missions, the servicing spacecraft must often interact with non-cooperative targets, which typically have known struc-
tural characteristics but lack fiducial markers and may exhibit unpredictable rotational motion. Successfully executing
proximity operations in such scenarios relies on the development of advanced autonomous navigation techniques. In
particular, accurate estimation of the relative six degrees of freedom (6-DOF) pose and other motion parameters is
essential for enabling reliable autonomous navigation and control systems.

In close-range proximity operations, 6-DOF relative pose estimation serves as the front-end observation module
in autonomous navigation, providing high-precision relative position and attitude observations for downstream relative
navigation filtering systems [4]. For non-cooperative targets, the spacecraft lacks an active communication link, and
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ground-based motion estimation is often subject to significant uncertainties. As a result, it cannot meet the real-
time and high-precision requirements of close-range operations, rendering ground-based relative navigation infeasible.
Therefore, onboard —particularly visual sensors—must be utilized by the servicing spacecraft to estimate the relative
pose of the target.

Various visual sensors have been explored for 6-DOF pose estimation, including monocular cameras, LiDAR,
and depth-sensing cameras. Depth cameras are primarily used indoors due to their limited measurement range, making
them unsuitable for space applications [5]. The accuracy of binocular cameras is heavily dependent on baseline length,
restricting their usage in space [6]. LiDAR, while effective, consumes more energy and adds significant weight [7].
In contrast, monocular camera systems are preferred in space due to their low cost, lightweight design, and energy
efficiency [8], as seen in the RemoveDEBRIS mission by Surrey Space Centre [9], AVANTI experiment conducted by
German Aerospace Center [10], SEEKER-1 mission by NASA [11].

Monocular pose estimation methods are generally based on traditional approaches using handcrafted features
[12] or deep learning approaches. Traditional methods are not very robust in challenging space environments. Due
to the significant success of deep learning in computer vision tasks, an increasing number of researchers are apply-
ing learning-based methods to 6D pose estimation of space targets [13]. The European Space Agency’s Advanced
Concepts Team (EST) and Stanford’s Space Rendezvous Laboratory (SLAB) introduced the Satellite Pose Estimation
Challenge (SPEC) [14], which compared the strengths and limitations of various pose estimation methods, highlighting
the potential of learning-based approaches. In the SPEC competition, learning-based pose estimation methods include
end-to-end and hybrid modular approaches. End-to-end methods [15] train a deep learning model to estimate the space-
craft pose directly from images without depending on intermediate stages. In contrast, hybrid modular methods [16]
utilize neural networks to predict the 2D keypoints of the target, and then calculate the relative pose based on geometric
optimization methods [6]. Hybrid modular methods that combine deep learning models with traditional Perspective-n-
Point (PnP) algorithms [13] have been shown to achieve significantly higher accuracy [6]. However, despite progress
in monocular pose estimation, challenges remain due to the low signal-to-noise ratio (SNR) and complex lighting
conditions for monocular source images in space. Study [17] provides substantial experimental evidence that extreme
lighting conditions negatively impact image-based pose estimation. Both overexposure and insufficient lighting signif-
icantly reduce estimation accuracy, with extremely low lighting causing the greatest decline. These difficulties make
robust pose estimation still an open problem in extreme space environments.

Recently, neuromorphic cameras, also known as event cameras, have gained significant attention in visual tasks
such as object recognition and depth estimation [18]. Event cameras are bio-inspired sensors that, in contrast to
traditional cameras, do not capture intensity frames at a fixed framerate but record each pixel’s brightness change
as an asynchronous event stream, including a timestamp, pixel position, and the polarity of the brightness change
[19]. Based on the novel design concept, event cameras offer advantages like microsecond-level temporal resolution,
a high dynamic range (HDR) of 140 dB, and low power consumption, making them superior in motion-related tasks
[20]. These sensors are also robust to lighting variations and function effectively under extreme illumination, such as
overexposure or low light [21]. Furthermore, event cameras can handle motion blur, a limitation of traditional cameras.
These characteristics make event sensors particularly well-suited for addressing various visual tasks, especially in
challenging space scenes.

This study proposes a method to estimate the pose of non-cooperative targets using event streams, leveraging
the high dynamic range and asynchronous change detection of event sensors to perceive spacecrafts in a way that is
insensitive to space extreme illuminations. The main contributions of this work are summarized under the following
four aspects. First, a novel event-based method for solving the pose estimation problem of non-cooperative space-
crafts is proposed. Then, this study introduces a hybrid modular pipeline based on deep learning and PnP algorithm,
presenting a keypoints regression network architecture that combines Convolutional Neural Networks (CNNs) and
Transformers, enabling CNNSs to extract detailed local features while Transformers handle global contextual informa-
tion. Our network framework leverages the self-attention mechanism to capture long-range dependencies efficiently
and reveal what dependencies the predicted keypoints rely on. Next, this study develops a publicly available synthetic
Event-Monocular Spacecraft (E-M-S) images dataset, simulating various space illumination. This dataset includes a
large number of event streams and corresponding optical images which can be used for 6D pose estimation modal
training and evaluation, also contribute to other space vision research. Finally, extensive experiments demonstrate that
the proposed approach significantly outperforms the methods based on monocular images and other alternative state-
of-the-art event-based methods, achieving higher accuracy and maintaining robust performance under extreme lighting
conditions.

The remainder of this paper is organized as follows. After a discussion of related work, Section 3 presents the
core concepts and architecture of the pose estimation method. Section 4 introduces the Event-Monocular Spacecrafts
(E-M-S) dataset. Section 5 describes extensive experiments conducted on simulated datasets to evaluate the perfor-
mance of the proposed model. Finally, the conclusions and future works of this paper are presented in Section 6.
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2. Related works

2.1 Learning-based Pose Estimation of Spacecraft

Traditional approaches rely on hand-crafted features and geometry knowledge to solve the spacecraft pose estimation
problem [22]. But such methods usually show deteriorated performance for poorly textured targets in complex change-
able backgrounds. Recently, deep learning-based methods have achieved success in satellite pose estimation, thanks
to the powerful feature representation ability of deep models. Albert et al. [23] explores a novel deep learning-based
methodology that employs Convolutional Neural Networks (CNNs) to directly regress the poses of uncooperative
spacecraft without requiring any prior 3D information. Sharma et al. [24] introduced a novel deep learning-based pose
estimation framework Spacecraft Pose Network (SPN). The approach utilized Faster R-CNN [25] for satellite detec-
tion, and estimated pose by optimizing the geometric constraints of the perspective transformation. Similar to SPN,
other works [13] addressed the pose estimation problem by decoupling it into two networks: object detection and pose
estimation. The pose estimation is performed by regressing the 2D locations of the spacecraft’ s keypoints then solving
the Perspective-n-Point (PnP) problem.

Although these methods rely on monocular images and CNNs, which have demonstrated strong performance in
controlled tests, their effectiveness diminishes significantly in complex real-world scenarios. This decline stems from
the inherent architectural limitations of CNNs. While CNNs excel at extracting local features, they struggle to model
long-range dependencies, resulting in a bias towards image textures and a failure to capture global features effectively.
Furthermore, under extreme illumination conditions, monocular images experience reduced target texture visibility,
which hinders generalization. Consequently, combining the illumination robustness of event images with Transformer-
based architectures provides an effective solution to the unique challenges of spacecraft perception in space.

2.2 Transformer models application to pose estimation

Transformer architecture [26] was initially developed for Natural Language Processing (NLP) tasks, addressing the
challenge of learning complex dependencies in long sequences. Unlike CNNs, which excel in extracting local features,
Transformers capture global dependencies through multi-head self-attention [26]. Vision Transformer (ViT) [27] was
the first to successfully apply Transformer architecture to the visual domain, achieving strong results in image classifi-
cation tasks. This breakthrough demonstrated the potential of Transformers for computer vision applications, inspiring
further research into their use across a variety of tasks.

Wang et al. [12] devised a transformer-based keypoint predictor for predicting the semantic keypoints of the
target in monocular images, and then estimated the pose by solving the perspective-n-point (PnP) problem. Wang et
al. [6] applied the Transformer architecture to non-cooperative target pose estimation using two-stage methods. They
used the Detection Transformer (DETR) framework for keypoints prediction, demonstrating that Transformer-based
predictors offer a better trade-off between speed and accuracy compared to CNN-based approaches. Liu et al. [28]
proposed the Deformable Transformer-based Single Stage End-to-End SpaceNet (DTSE-SpaceNet). They applied the
deformable transformer to monocular spacecraft pose estimation, achieving both multiscale fusion and global modeling
without increasing computational complexity.

The aforementioned Transformer-based pose estimation methods have demonstrated improved performance over
CNN-based approaches. However, they are all designed for conventional monocular optical images and still suffer from
performance degradation under extreme lighting conditions, such as low illumination, failing to effectively address the
challenges posed by harsh space environments.

2.3 Event-based vision applications

Event sensors offer several advantages over standard optical sensors [29], are gradually becoming more popular in
the computer vision and robotics community. Many recent works such as object recognition [30] and simultaneous
localization and mapping (SLAM) [31] have been actively investigated. For pose estimation tasks, Elias et al.[32] pre-
sented the first onboard perception system for 6-DoF pose tracking during high-speed maneuvers using event cameras.
Nguyen et al. [19] introduced a method to localize the 6DoF pose of an event camera solely. They first created the
event images from a list of event streams, then a Stacked Spatial LSTM Network is used to estimate the pose. Building
upon [19], Tabia et al.[33] proposed a new method for estimating the 6DOF pose of an event camera using the fully
convolutional network. However, the aforementioned methods have primarily been applied in ground scenarios, and
they focus on determining the pose of the camera rather than the pose of the target. In the space domain, the application
of event sensors on spacecrafts is still in its infancy. Jawaid et.al [34] explored the application of event cameras for
pose estimation of satellites, employing classical learning-based methods to detect the 2D landmarks of satellites, and



DOI: 10.13009/EUCASS2025-144

EVENT-BASED 6D POSE ESTIMATION FOR NON-COOPERATIVE SPACECRAFT

utilizing a PnP solver to determine the pose. However, their approach relies solely on convolutional networks, which
are limited in capturing the global semantic information of event images. As a result, the model struggles to learn long-
range dependencies within event streams. Liu et al. [20] proposed a line-based pose estimation method for spacecraft
using an event camera. This approach estimates the pose by directly extracting line features from the event data and
matching them to the 3D model. While robust for high-speed moving targets, the accuracy of this method relies heav-
ily on handcrafted designed line feature extraction and matching, requiring complex initialization to establish 2D-3D
correspondences.

The application of event sensors in spacecraft perception is still in its early stages, with only a few studies explor-
ing their use in the aerospace domain. This research area remains promising but also presents significant challenges.

3. Event-based pose estimation method

This section introduces a novel framework for estimating the 6D pose of non-cooperative spacecraft using event
streams. Firstly, section 3.1 details the methods for converting event streams into event images. Section 3.2 pro-
vides an overview of the designed network architecture, describes the associated loss functions, and details the method
used for 6D pose estimation.

3.1 Event-to-Frame conversion

Event cameras do not capture image frames in the conventional sense; instead, their output is a stream of asynchronous
events with no notion of frames. Each pixel u; operates independently and responds to changes in brightness. When
the log brightness change exceeds a threshold ¢, a new event e;=(x;,y;, #;, p;) is generated at pixel u; = (x;,y;). The
polarity p; is either -1 or +1 (negative or positive), depending on the brightness change direction, and #; denotes the
event’s timestamp.

To leverage existing CNN architectures, the continuous asynchronous event streams are generally converted
into synchronous frames with fixed tensors. An event stream E is represented as E = {ey, e,, ...}, where each event
e = {x;, ¥, t;, pi}. This study converts E into event frames F = {I;,,,...}, as illustrated in Fig. 1 with examples of
event images. Following [19], this study assumes that within a specific time window W;, n events will maintain the
same camera pose. This assumption is based on the fact that event cameras capture numerous events in a short interval
7, during which the camera pose is assumed to remain relatively constant. With the assumption of instantaneous
pose consistency, the conversion process can ignore the noise events introduced by differential changes in illumination
caused by relative instantaneous motion.

For the specific event-to-frame (E2F) method, this study accumulates events e;{x;, y;, #;, p;} over a given time
interval 7 in a pixel-wise manner, resulting in 2D histograms of events with a resolution of height x width as the
camera. Similar to [36] and [34], the event-streams are converted to image-like representation / € RYHW wwith
four channels. The value of the first two channels based on the polarity p illustrated in Eq.1 and Eq.2. The polarity
distributions on the frame can effectively describe the spatial characteristics of the event-stream.

1, if p;=1

Loositive (Xi, i) = {O, othsrwise (D
(1, if p=-1

Inegatlve(xis yl) = {O, otherwise (2)

The values of other two channels are constructed from the timestamps of the positive and negative events, re-
spectively. These values represent ratios that describe the temporal characteristics. The ratio at pixel (x;, y;) is defined
as:

ti,j — Toegin

1(xi, yi) = 3

b
Tend — thegin

where ¢, ; is the timestamp of the positive (negative) event at pixel(7, j), tpegin represents the timestamp of first positive
(negative) event and 7., is the last positive (negative) event of the whole stream.

3.2 Pose estimation network architecture

The network architecture shown in Fig. 2 consists of three main components: a CNN backbone for feature extraction,
a Transformer encoder for capturing global feature dependencies, and a Multilayer Perceptron (MLP) prediction head
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(b)

(©) (d

Figure 1: (a) Rendered frame of a satellite with normal lighting.(b) Event frame corresponding to (a), generated using
V2E [35].(c) Rendered frame of a satellite with low lighting.(d) Event frame corresponding to (c).The rendered frames
are preprocessed with Gaussian blur.

for estimating keypoint heatmaps. First, the event stream is converted into event images and passed through a feature
extraction branch to capture local spatial features Feyen, Which encode edge structures and motion-induced contours.
These features are then processed by a Transformer encoder to generate global contextual features Fjopar. Subsequently,
the global features are upsampled to a higher resolution, and an MLP prediction head is employed to estimate the
keypoint heatmaps. Finally, the 6-DOF pose is recovered by solving the Perspective-n-Point (PnP) problem using the
predicted 2D -3D correspondences.

CNN-based backbone: In this work High-Resolution Network (HRNet) [37] was adopted as the CNN backbone
for feature extraction. Traditional convolutional networks, such as ResNet[38], progressively downsample feature maps
to a low resolution (typically 1/32) during feature extraction, resulting in the compression of spatial information. To
recover spatial detail, these architectures typically rely on multi-layer upsampling operations, which may introduce
interpolation errors and reduce localization accuracy. In contrast, HRNet maintains a high-resolution branch (e.g., 1/4
resolution) throughout the entire network and continuously exchanges information with parallel medium-resolution and
low-resolution branches (1/8, 1/16). This design preserves spatial details more effectively and produces more accurate
and reliable feature representations, especially for tasks requiring precise localization such as keypoint detection and
pose estimation.

HRNet-W32 [37], pre-trained on the ImageNet dataset [39], was employed as the feature extractor. However,
unlike the approach in [13], our network does not output feature maps at the original resolution Hy X Wy; instead,
it produces feature maps at a downsampled resolution of H,W = Hy/r, Wy/r, where r = 8. This is because the
computational complexity of the self-attention mechanism in the Transformer is O((Hx W)?-d). Feeding full-resolution
feature maps of size Hyx W into the Transformer encoder significantly increases both memory usage and computational
cost. Using a 1/8 resolution effectively balances the computational cost of the Transformer module with the preservation
of spatial detail in feature maps, providing a favorable trade-off between performance and efficiency. Given event
images Iy, € RCH*Wo the CNNs-based backbone generates feature maps Fy., € REH*W  C = 64 and H,
W = Hy/8, Wy/8. Then, each feature map goes through a 1 X 1 convolution to transform the feature dimension to d.
This event feature map Feyen € RHXW iq then be fed to the Transformer encoder.

Transformer Encoder for Global Context Modeling: First, the event feature map Feyey is flattened into a se-
quence Foyepns € R to meet the input requirements of the Transformer. This sequence is then fed into the Transformer
encoder. As shown in Fig. 2, the Transformer encoder follows the standard architecture, comprising a multi-head
self-attention module and a fully connected feed-forward network. Following [40], the proposed method applies 2D
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Figure 2: Overview of the proposed Event-based pose estimation approach.

sine positional embeddings to provide order to the input sequence.

The self-attention mechanism is the key component of the Transformer architecture. It enables each spatial fea-
ture (i.e., token) to dynamically attend to all other positions within the feature map, allowing the network to effectively
capture global context. This mechanism effectively aggregates contextually relevant features while suppressing irrele-
vant or noisy activations through attention weighting. This contributes to the downstream modules’ accurate estimation
of the keypoint heatmaps. Fig.3 illustrates the process of generating global features. The input sequence Feyep 18 first
projected into the query Q € R*? , key K € R™? | and value V € R>¢ matrices using three trainable weight matrices
Wy, Wi, and Wy. The attention map Fygention i then computed according to Eq.5, representing the importance of each
feature in the overall feature representation. Then, the global feature Fyjopa is derived by performing element-wise
multiplication of Fygention and V.

- /]
Linear .' ¥ softmax

Foa query )
F; ention
e o — (D
value

Figure 3: Diagram of Self-Attention Mechanism used to generate the self-attention feature Fyyenion from event images.

Q=F eventwq
K = Fevent Wik 4
V = Fevent Wy
QK” )
Fattention = softmax , %)
attention ( \/E
F global = Fatention ® V (6)

Keypoints regression and pose estimation: The d dimensional global feature Fgj,p, € R is first reshaped
to R>H*W  Then, the feature maps are passed through a 3 x 3 convolutional layer, followed by upsampling to 1/4
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of the original resolution using either deconvolution or bilinear interpolation. The upsampled feature maps are sub-
sequently processed by a 3 X 3 convolutional layer to enhance spatial structure re-aggregation. An MLP head is then
applied to generate K keypoint heatmaps, with each keypoint corresponding to an independently regressed heatmap.
The output is a prediction tensor P € R¥*H>W" wwhere H*, W* = Hy/4, Wy /4. These heatmaps are modeled as 2D
Gaussian distributions centered at the keypoint locations. The response values in the Gaussian heatmaps are treated as
confidence scores, and the final keypoint coordinates are inferred by identifying the peak value in each heatmap. Since
the predicted heatmaps are generated at 1/4 of the original image resolution, the extracted 2D keypoint coordinates are
scaled accordingly to match the full-resolution image space. Additionally, to handle images that only capture partial
target, we label the visibility v; of each keypoint p;.

{1, if p; is inside image frame,

v = , @)

0, otherwise.

The loss function of the keypoint heatmaps is defined as the mean squared error between the estimated heatmap
h(p;) and the corresponding ground truth i(p?), averaged over all the K keypoints lying inside the image.

I v 2
L=~ Zl v (h(p;) — h(p)))*, (8)

where A(-) denotes a heatmap representation of a keypoint. The ground truth heatmaps are generated as 2D
Gaussian distributions, and standard deviations of 2 pixel. The loss function L is defined based on a single event
image. In a mini batch, £ is simply averaged. After predicting the final 2D keypoints, their associated confidence
scores are used to filter out unreliable points that could otherwise cause the pose solver to diverge or yield inaccurate
estimates. Finally, the 6D pose is estimated by solving the Perspective-n-Point (PnP) problem[13] with Random Sample
Consensus (RANSAC), based on known 3D-2D correspondences.

4. Event-Monocular synthetic dataset for spacecrafts pose estimation

Compared to monocular images, the High Dynamic Range (HDR) and asynchronous response of event sensors make
them less sensitive to illumination variations, enhancing target perception in challenging environments. The SEENIC
dataset [41] introduced in [34] is notable as the first and currently only event-sensing dataset specifically for spacecraft
pose estimation. However, it presents limitations: restricted diversity of pose labels, limited event frames for training,
and the absence of corresponding optical images, which hinders the performance comparison and validation across
different modalities. To address these issues, this study created a new synthetic Event-Monocular-Spacecraft dataset
(E-M-S) [42] , incorporating a wider distribution of pose labels, a greater number of event streams, and corresponding
monocular RGB images. The dataset simulates varied lighting conditions, including low-light scenarios common in
space when targets enter penumbra areas. The dataset is publicly available at https://doi.org/10.5281/zenodo.14774652.

First, this study generates a monocular RGB images dataset of the spacecraft. Using pyrender with OpenGL
bindings, our simulator renders synthetic images with physically based materials and illumination. The weak-texture
3D model of the Hubble Space Telescope (HST) [43] was selected due to its complex structure with protruding, non-
uniform elements that create self-occlusions and shadows. The simulator uses directional light to simulate sunlight
conditions in space. By adjusting the light’s angle relative to the target and its intensity, this study simulates both
standard and low illumination scenarios. Then, images are rendered at a resolution of 640 X 480 pixels by a virtual
camera with a 85° horizontal FOV, as illustrated in Fig.1. To make the generated images more realistic, the synthetic
images are processed with speckle noise and Gaussian blur, as shown in Fig.4. To ease the adoption of the dataset
for other users, the monocular images are published without noise so that researchers can easily add different types of
noise depending on their tasks.

The relative motion trajectory between the camera and the target is generated concurrently with image capture.
Similar to the SEENIC dataset [41], this study sets the maximum diameter of the target CAD model at 0.6 meters, and
the movement distance of the camera relative to the target is between 0.5-1.2 meters. Unlike SEENIC [41], which views
objects only from one side, our setup includes 6 discrete viewing spaces, allowing object observation from multiple
perspectives and generating a diverse set of pose labels. In each discrete space, 80 initial cameras and initial pose are
generated, ensuring that the target remains within the camera’s field of view, as shown in Fig.5 (a).

Each initial camera generates a continuous motion trajectory with 100 frames, as shown in Fig.5 (b). The motion
trajectory is based on the target body coordinate system as the reference frame. Sequences with varying relative
velocities, distances, and viewing angles are rendered. In the translation vector, T, and T) are constrained by the
camera’s FOV. Continuous image sequences are essential to create event streams, which rely on brightness changes
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() (b) (©

Figure 4: Images augmentation: (a) Ideal images. (b) Introduction of Gaussian blur. (c) Addition of noise.

between consecutive frames. For training, 480 sequences were generated, each containing 100 RGB frames, totaling
48,000 frames (24,000 images with norm lighting and 24,000 images with low lighting) and their corresponding 6D
poses. Following the same method, this study produced 4,800 frames for testing and an additional 4,800 frames for
validation in the same scene. The distributions of pose labels are shown in Fig. 6. Figure 6 (a) visualizes the distribution
of relative positional components (X, Y, Z). Figure 6 (b) displays the distribution of rotation, parameterized by Euler
angles.

0.8 7 T aRT ‘&
0.6 @5 &
04 &R g T _
= ebe o ] £
0.2 fn LI s
_ & o N
& »
E o Y m PP
N e © F «o® %
g eI
0.4 - ¥
: P 4°¢
061 :gg—j—g —
-0.8 1
-0.5 0 0.5

Y (m)
(@) (b)

Figure 5: (a) represents the initial camera’s pose space discretization ; (b) represents the continuous motion trajectories
of cameras.

The event stream dataset is generated using the V2E event simulator [35], which converts linear optical frames
(0-255 intensity) to log intensity. This simulator provides a realistic event sensor simulation by accurately modeling
pixel-level behaviors, incorporating latency, noise, frame event duration , and other relevant characteristics. This study
sets the Dynamic Vision Sensor (DVS) exposure duration time (event accumulation time) to 0.01s, the threshold for
positive/negative event triggering to 0.1, and add noise to the event streams. From the generated event streams, this
study produces event frames following the E2F procedure in Sec.3.1. Samples of generated synthetic event images are
depicted in Fig.7.

To train the Gaussian keypoint heatmap regression network, ground truth heatmaps are generated for supervision.
A set of K = 8 3D keypoints is selected from the target’s known 3D model structure. These 3D keypoints are projected
onto the 2D image plane using the corresponding virtual camera intrinsics and ground-truth 6D poses. For each
projected 2D keypoint p;, a heatmap is generated based on a 2D Gaussian distribution centered at p;, following the
Eq.9 This process is applied to every event image to create per-keypoint supervision. The generated ground truth
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Figure 6: The distributions of pose:(a) Histograms of the camera positions distribution;(b) Histograms of the camera
attitude distribution.

Figure 7: Example event images from the generated dataset

Gaussian keypoint heatmaps are illustrated in Fig.8.

(x = x)* + (y —y)?
202

h(p(xi, yi)) = exp (— €))

5. Experiments

In this section, we evaluate the proposed method using our generated Event-Monocular Spacecraft dataset, detailed in
Sec.4. To comprehensively evaluate the performance advantage of event data over monocular images, we conducted
experiments using the proposed method on each modality separately. Additionally, we compared the proposed method
with other state-of-the-art event-based spacecraft pose estimation approaches [34, 38] to highlight its superior perfor-
mance. Specifically, the designed network pipeline predicts the 2D coordinates of each 3D keypoint of the target on the
image plane to establish 2D-3D correspondences. The 6D pose is then estimated using the Efficient Perspective-n-Point
(EPnP) algorithm combined with Random Sample Consensus (RANSAC).

5.1 Evaluation metrics

The pose estimation is evaluated using translation error ¢ and rotation error . The translation error ¢ is the L2 norm
of the difference between the predicted value t and the ground truth value t.
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Figure 8: Gaussian keypoint heatmaps

¢=||

The rotation error i is defined as the angle between the predicted quaternion { and the ground truth value q. The
quaternion ¢ and q are obtained by converting the calculated rotation matrix R and the ground truth rotation matrix R,
respectively.

(10)

¢ = 2arccos (Kq, @))) an

We report the average pose error for each sequence ¢.

i 12)

5.2 Implementation details

Our model is implemented using the PyTorch framework, and all experiments are conducted on 4 NVIDIA RTX A6000
graphics cards. We use the AdamW optimizer with an initial learning rate of le-5, regulated by the MultiStepLR
scheduler, which reduces the learning rate by a factor of 0.1 after 20%, 40%, and 60% of the total epochs. Training is
conducted over 10 epochs with a batch size of 16. The Transformer encoder is configured with 4 layers. We apply L2
regularization by setting the weight decay of AdamW to le-4 and a dropout rate of 0.2 to reduce the risk of overfitting.

5.3 Evaluation on monocular images

This section evaluates the performance of the proposed model using the self-generated optical monocular image dataset.
The experiment has two objectives: first to establish a performance baseline for comparison with the event model , and
secondly to identify the limitations of monocular RGB, especially in challenging scenarios like low-light conditions
and weakly textured objects. The model was trained on 48,000 monocular images and evaluated on a separate test
set comprising 4,800 monocular images (48 sequences) under varying lighting conditions. The position and attitude
error distributions are presented for each image sequence as errorbars in Fig.9. Each bar represent the mean and
standard deviation of pose errors. The figure indicates that the maximum average translation error is 8.5 cm, while
the maximum average orientation error is 7.9° across all sequences. To assess precision, the percentages of samples
meeting the following criteria were calculated: translation error below 6 cm (10% of the target maximum diameter),
average orientation error below 5°. The statistical threshold for orientation error was appropriately relaxed to account
for challenging low-light and low-texture images in the test set. The quantitative evaluation results are reported in Table
1.

10
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Figure 9: Optical images-based error distribution of the pose estimation results.

This study analyzes a sequence of 100 frames captured under low-light conditions. Figure 10 presents sample
images annotated with the predicted 2D keypoints and the corresponding translation and angular errors. The average
translation error is 6.2 cm, and the average angular error is 5.8°. The limited precision is primarily caused by low-light
conditions, where optical RGB images may lose texture, edges, and other object details due to insufficient exposure,
thereby impairing the deep learning model’s ability to extract meaningful features.
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Figure 10: Relative pose errors (¥ and ¢ ) over optical frames for one sequence from our dataset

5.4 Evaluation on Event images

This section evaluates the performance of the proposed model on the self-generated event dataset and compares it
with the monocular optical-based model described in Sec.5.3. The model was trained on 48,000 event streams and
tested on a separate set of 4,800 event streams. The distributions of position and attitude errors are illustrated in
Fig.11. Most sequences exhibit translation errors between 2 and 6 cm and attitude errors ranging from 2° to 5°, even
in the challenging lighting conditions. Compared with the monocular-based experiments in Sec.5.3, the event-based
model demonstrates significantly improved performance. Similarly, various pose precision metrics are computed and
compared with those reported in Sec.5.3. The quantitative results are summarized in Table 1. The proposed event-based
approach achieves an 84% high-precision estimation rate, with a 8% improvement over the monocular-based model.

We also analyze a specific event sequence for the same conditions as in sec.5.3. Figure 12 presents two different
modality images captured under identical conditions. Under low illumination, the optical RGB image loses texture
details and exhibits blurred edge geometry. In contrast, the event image clearly preserves the target’s contour structure
despite the extreme lighting, providing stable spatial structure information that aids the network in localizing keypoints.
Figure 13 shows that its average translation error is 3.6 cm and its average attitude error is 3.2°. Under identical low-
light conditions, the event-based method significantly outperforms the traditional monocular RGB-based approach in
pose estimation accuracy and robustness.

11
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Figure 11: Event images-based error distribution of the pose estimation results.

Table 1: Quantitative evaluation of the proposed Event-based method and comparison with optical-based method.
Correct estimation of all groups: rotation error < 5°, translation error < 6¢m

Method R<5° T < R <5°
6cm and T < 6¢cm

Optical-based 80.5% 78.0% 76.0%

Event-based 86.0% 87.5% 84.0%

A Pose +5.5% +9.5% +8%

Figure 14 illustrates the predicted 2D keypoints. The results show that the proposed CNN-Transformer hybrid
architecture accurately localizes target keypoints in event images. Moreover, the event-based approach maintains
robust performance under extreme lighting conditions, demonstrating the effectiveness and reliability of our method
for estimating the 6D pose of non-cooperative space targets.

To further validate the superiority of the proposed method, we compare it against two state-of-the-art event-
based spacecraft pose estimation approaches: [34] and [38]. Method [34] adopts a two-stage CNN-based pipeline.
Specifically, it uses Faster R-CNN [25] for target region detection, HRNet [37] for 2D keypoints regression from event
images, and then computes the 6D pose using 2D-3D correspondences via the Perspective-n-Point (PnP) algorithm.
Since our dataset does not contain complex backgrounds such as the Earth, object detection modules are not integrated
into our proposed pipeline. For a fair comparison, we removed the object recognition module from the framework
in [34] and retained the remaining components to perform comparative experiments. The model was trained on our
event dataset using the hyperparameters reported in [34], and the pose estimation results were analyzed. Method [38]
proposes an end-to-end framework that integrates CNNs and Transformers. It uses ResNet-34 as the feature extractor
for event images, followed by a Transformer encoder to model global contextual information, and directly regresses
the 6D pose via a multi-layer perceptron (MLP). The model was trained using the hyperparameters reported in [38] on
our generated event dataset. Finally, several event sequences with varying motion trajectories and lighting conditions
were selected from the test set to compare and analyze the three methods. The comparison results for pose estimation
accuracy are summarized in Table 2, which reports the average error for each sequence (100 frames).

As shown in Table 2, the method proposed in this study achieves superior pose estimation accuracy compared
to the other two approaches. In contrast to the pure convolutional network approach in [34], the proposed CNN-
Transformer hybrid architecture effectively integrates the local feature extraction capability of CNNs with the global
contextual modeling strengths of Transformers. This design enables more effective learning of the spatial-temporal
characteristics of event streams, resulting in higher accuracy than CNN-only methods. Although the framework in [38]
also employed a hybrid CNN-Transformer architecture, its end-to-end design that directly regresses 6D poses exhib-
ited inferior performance compared to two-stage methods that integrate neural networks with geometric optimization.
Moreover, in the satellite pose estimation challenge, those two-stage methods based on PnP demonstrated significantly
higher accuracy [6].

12
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Figure 12: Comparison of optical and event images under low illumination conditions.
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Figure 13: Relative pose errors (¥ and ¢ ) over event frames for one sequence from our dataset

Figure 14: Sample of event frames with the predicted 2D keypoints

6. Conclusions and future works

This study proposes a novel 6D pose estimation method for non-cooperative space targets using event cameras, aiming
to improve accuracy and robustness under extreme lighting conditions commonly encountered in space. An hybrid
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Table 2: Quantitative evaluation of our event-based model on the generated dataset and comparison with other state-
of-the-art methods.

Trajectory Scene Method [34] Method[38] Our Method
®(m) V() @(m) Y(C¢) Om) ¢(°)
normal-light 5.8 2.2 33 3.7 2.2 2.5

approach o lioht 66 32 35 42 38 34
orbit normal-light 6.3 3.0 4.2 3.8 3.2 3.0
low-light 70 35 48 45 41 39

Average 6425 2975 3950 4.050 3315 3.200

network architecture is designed to regress Gaussian keypoints heatmaps, combining CNNs and Transformers, en-
abling CNNSs to extract detailed local features while Transformers handle global contextual information. Our network
framework leverages the self-attention mechanism to capture long-range dependencies of event streams efficiently.
Furthermore, the proposed framework effectively integrates the feature learning capabilities of deep neural networks
with the strengths of geometric algorithms for accurate pose estimation. To support this research, the E-M-S dataset
is developed as the publicly available synthetic event-monocular image dataset for spacecraft. It includes optical RGB
images under varied lighting conditions, corresponding event streams, and precise pose labels.

Through a series of comprehensive experiments, this study validated the performance and advantages of the pro-
posed method. The baseline experiments reveal the limited performance of optical image in low-light conditions, while
the proposed event-based method shows significant improvements, particularly under challenging lighting scenarios.
On the E-M-S dataset, the proposed method achieves a high-precision rate of 84%, representing a 8 %improvement
over the optical-based model. Even for highly challenging targets with weak textures, most test results achieve trans-
lation errors below 6 cm and angular errors under 5°. Compared to other state-of-the-art event-based spacecraft pose
estimation methods, the proposed approach achieves superior performance even under extreme lighting conditions,
with an average translational error of 3.3 cm and an average angular error of 3.2°. These results demonstrate that the
proposed event camera-based approach and hybrid network architecture can accurately and robustly estimate the pose
of non-cooperative targets.

This research focuses on exploring the performance of event streams for pose estimation in challenging space
environments. Despite its promising performance, several limitations of the current framework remain. The experi-
mental scenarios in this study excluded complex backgrounds, such as Earth, which could potentially interfere with
pose estimation. Future work could introduce object recognition networks into our pipeline for target segmentation.
Moreover, this study does not incorporate additional pose refinement methods for optimizing the estimated pose. Fu-
ture work will focus on integrating pose refinement techniques to further improve pose accuracy. Another promising
direction is to combine the proposed pipeline with filtering-based navigation algorithms (e.g., Kalman filters), which
could directly benefit the development of autonomous navigation in space applications.
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