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ABSTRACT

Monocular 6-DoF pose estimation plays an important
role in multiple spacecraft missions. Most existing pose
estimation approaches rely on single images with static
keypoint localisation, failing to exploit valuable tempo-
ral information inherent to space operations. In this
work, we adapt a deep learning framework from hu-
man pose estimation to the spacecraft pose estimation do-
main that integrates motion-aware heatmaps and optical
flow to capture motion dynamics. Our approach com-
bines image features from a Vision Transformer (ViT)
encoder with motion cues from a pre-trained optical flow
model to localise 2D keypoints. Using the estimates, a
Perspective-n-Point (PnP) solver recovers 6-DoF poses
from known 2D-3D correspondences. We train and eval-
uate our method on the SPADES-RGB dataset and further
assess its generalisation on real and synthetic data from
the SPARK-2024 dataset. Overall, our approach demon-
strates improved performance over single-image base-
lines in both 2D keypoint localisation and 6-DoF pose es-
timation. Furthermore, it shows promising generalisation
capabilities when testing on different data distributions.

Key words: 6-DoF Spacecraft Pose Estimation; Motion-
aware; Vision Transformer; SPADES-RGB.

1. INTRODUCTION

Monocular six-degree-of-freedom (6-DoF) pose estima-
tion is essential for the successful execution of various
spacecraft operations, including docking, autonomous
rendezvous, in-orbit servicing, and active debris re-
moval [1]]. Hence, achieving accurate and robust 6-DoF
pose recovery from monocular images remains a funda-
mental challenge in computer vision for space applica-
tions.

Most existing spacecraft pose estimation (SPE) meth-
ods rely on single-image analysis, typically following a
two-step pipeline: (1) localising keypoints in a 2D im-
age and (2) estimating the 6-DoF pose using the PnP
algorithm [2f]. Unfortunately, this image-by-image ap-
proach ignores the rich temporal information available in

1) 2D keypoint localisation

2) 6-DoF pose estimation

Figure 1. Motion-aware framework for monocular 6-
DoF SPE. The model first predicts 2D keypoint locations
relying on motion cues from image sequences. Then it
uses a PnP solver to recover the full 6-DoF pose.

sequential data. Recent research has shown that incorpo-
rating temporal information can improve pose accuracy
and enhance robustness [3}, |4} 5, 6} |7]. However, the low
diversity of temporal training data in the space domain
often constrains the effectiveness of these methods. This
scarcity of representative data increases the risk of over-
fitting, reducing generalisation to challenging real-world
conditions.

To address these challenges, we propose a motion-aware
deep learning framework for monocular 6-DoF SPE from
image sequences. Inspired by recent advances in tempo-
ral human pose estimation [§|], our approach integrates
motion-aware heatmaps and a pre-trained optical flow
model [9]] to capture spacecraft motion. A ViT [10]]
serves as the backbone encoder, extracting spatial fea-
tures. Then, a subsequent module fuses these features
with motion information from flow models to predict 2D
keypoint locations. During training, the model learns to
predict the 2D locations of eight predefined keypoints on
the spacecraft structure. After training, PnP recovers the
complete 6-DoF pose from the estimated keypoints based
on known 2D-3D correspondences.

We train and evaluate our method with the SPADES-RGB
dataset, a subset of SPADES [11]. This data collection
comprises random sequences of spacecraft motion cap-
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tured in RGB images within a simulated orbital environ-
ment. We quantitatively evaluate performance following
standard metrics for 2D keypoint localisation and 6-DoF
pose accuracy. When using the SPADES-RGB dataset,
the proposed approach shows improvements over single-
frame baselines in both tasks. Furthermore, experiments
on the synthetic and real subsets of the SPARK-2024
dataset [[12]] demonstrate the transfer learning capabilities
of our framework across different data distributions. Our
main contributions are as follows:

* A motion-aware deep learning framework for 6-DoF
SPE that combines a ViT encoder with a pre-trained
optical flow model to capture temporal correlations
in image sequences.

* A benchmark evaluation of temporal 2D keypoint
localisation and 6-DoF pose estimation on the
SPADES-RGB dataset.

* A cross-domain generalisation analysis, demonstrat-
ing the effectiveness of our motion-aware approach
when transferring to synthetic and real data on the
SPARK-2024 dataset.

The remainder of this paper is organised in four sections.
Section 2 reviews related work in the field of spacecraft
pose estimation. Section 3 details the proposed method,
including the keypoint regression network and the pose
estimation pipeline. Section 4 presents the experimental
results and evaluations on SPADES-RGB and SPARK-
2024 datasets. Finally, Section 5 concludes the paper and
outlines potential directions for future work.

2. RELATED WORK

Estimating the 6-DoF pose of objects is a core problem in
computer vision, with applications covering robotics ma-
nipulation, augmented reality, autonomous driving, and
spacecraft navigation [13]]. In this work, we focus on 6-
DoF SPE from monocular images, a task that is crucial to
achieve autonomous on-orbit spacecraft operations. We
categorise prior research into two main directions: ap-
proaches that rely on single images and those that use
multiple images. The latter category is most closely
aligned with our work.

2.1. Single-image spacecraft pose estimation

In recent years, there has been a significant increase in
deep learning-based methods for monocular SPE [14, 15|
16, 17,|18, {19} |20} 21]. These methods typically fall into
two categories: 1) Direct (end-to-end) methods [14} |15]
16], which attempt to regress the 6-DoF pose directly
from input images. 2) Hybrid methods [17} [18 |19} 20,
21]], that decompose the problem into object detection,
2D keypoint regression, and final pose computation us-
ing a PnP solver.

Among these, hybrid approaches have emerged as the
dominant paradigm due to their increased flexibility,
interpretability, and robustness. They typically rely
on well-established deep learning backbones as feature

extractors. For example, ResNet [22], HRNet [23],
YOLO [24], MobileNetV2 [25], and more recently,
Transformer-based architectures [26] [27]. Despite their
success, most existing methods focus on image-by-image
processing, ignoring the temporal continuity inherent in
image sequences. This lack of temporal modelling re-
mains a significant limitation, particularly under chal-
lenging conditions where robustness and precision are
critical [2].

2.2. Multi-image spacecraft pose estimation

While numerous deep learning approaches estimate
spacecraft poses from single images, relatively few
learning-based methods explore the use of temporal in-
formation for SPE task [3} 4} 5, (6} /7]

Recent attempts at temporal SPE are based on single-
image pose estimation followed by filtering techniques to
track pose over time. For example, methods such as [28,
29] combine CNN-based keypoint regression with an Un-
scented Kalman Filter (UKF), introducing adaptive noise
models and uncertainty-aware filtering. More recently,
Multiplicative Extended Kalman Filters (MEKF) demon-
strate greater efficiency and robustness than UKF [30,
31]]. Despite these advances, filtering approaches still rely
on single-image keypoint regressions, which lack tem-
poral understanding and might limit accuracy. In other
words, these methods only apply temporal constraints
on sequences of predicted poses. In addition, filtering
techniques are sensitive to initial conditions, the motion
model expected in the scenario, and require more obser-
vations to converge [31}30].

An alternative approach for exploiting temporal data in-
volves using neural networks to directly capture tempo-
ral dependencies. For example, ChiNet [3]] incorporates a
CNN-LSTM architecture to regress the 6-DoF pose from
image sequences, following an end-to-end strategy. Sim-
ilarly, [4] replaces the LSTM with a Temporal Convo-
Iutional Network (TCN), which processes temporal fea-
tures more efficiently in fixed-length sequences [32]]. Un-
like end-to-end approaches, Zhang et al. [[7] utilise a hy-
brid multi-stage technique for temporal SPE. Initially,
they generate supervisory signals for multi-task learn-
ing using ground-truth poses. Subsequently, a genetic
algorithm is applied to optimise the initial 3D space-
craft model, thereby producing improved pseudo-labels.
During inference, temporal consistency is enforced by
smoothing the predicted 6-DoF poses. Our proposed ap-
proach aligns with this hybrid design but follows a more
straightforward pipeline. Instead of applying complex
multi-stage refinements on keypoint predictions, we fo-
cus on improving them by directly incorporating motion
information within the heatmap estimation. This design
promotes temporal consistency without additional post-
processing.

3. METHOD

Our proposed approach adopts a hybrid architecture with
a two-stage pipeline. It first estimates the 2D locations of
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Figure 2. Overview of the proposed method for 2D keypoint localisation. We input three temporally adjacent images
Iy, 1, and Iy, a ViT encoder extracts features from the central image, while the other two images support motion
vectors generation via a pre-trained flow estimator. Cross-attention blocks fuse these motion vectors and image features,
followed by lightweight decoders that produce motion-aware heatmaps. Then, deformable convolutions combine the
heatmaps to generate the final pose heatmap H,. Both the final and pairwise motion-aware heatmaps supervise training

through a dedicated loss function in line with [8].

keypoints from image features. Then, it predicts the 6-
DoF pose from these keypoints given 2D-3D correspon-
dences.

For the first stage, this work builds on the method intro-
duced by [{8] (initially developed for 2D human pose esti-
mation) and adapt it to the SPE domain. In particular, our
proposed approach employs the motion-aware 2D key-
point estimation strategy (MTPose) from [8] to incorpo-
rate temporal information from consecutive images. In
this context, motion information is integrated into key-
point heatmaps, resulting in more accurate keypoint pre-
dictions when processing image sequences.

As illustrated by our approach inputs three tem-
porally adjacent images depicting a moving spacecraft.

A ViT encoder extracts features from the target image I,
while the other two I;_; and I,y serve as temporal ref-
erences. To capture motion information, the spacecraft’s
motion direction is estimated between I; and its adja-
cent images using a pre-trained optical flow model [9).
Then, a cross-attention mechanism fuses the motion fea-
tures with the image features, followed by a pair of
lightweight decoders that predict motion-aware heatmaps
for each pair of images. Finally, the resulting heatmaps
are merged via deformable convolutions to estimate the
final heatmap H,; that depicts the 2D keypoint locations
in 1, te

In the second stage, 2D keypoint locations are extracted
from the predicted heatmaps. Then, we feed those to
a standard PnP algorithm with RANSAC which com-
putes the spacecraft’s 6-DoF pose in I;. The estimated
6-DoF pose consists of two components denoted as T' =
[tz,ty,t.] and R = [qu, ¢z, qy,q-] corresponding to
translation and rotation, respectively. The following sub-
sections provide more details on the components of our

model.

3.1. 2D spacecraft keypoint localisation

Motion-aware heatmaps. We follow the same motion-
aware heatmap generation strategy proposed by [8] to in-
corporate temporal information into 2D keypoint local-
isation task. In this process each keypoint’s heatmap
is represented as a 2D elliptical Gaussian distribution,
whose shape and orientation encode the direction and
magnitude of motion. In particular, the magnitude of mo-
tion is computed by measuring the displacements of key-
points between the target frame I; and its adjacent frames
Iy and I;4;. For the motion direction, we compute
a rotation angle 6 and use it to rotate the corresponding
motion-aware heatmap for each keypoint [8].

The resulting motion-aware heatmaps H;_; and Hyyq
encode the direction and magnitude of the motion of
each keypoint between the image pairs (I3, I;—1) and (I,
Ii+1), respectively. The standard heatmap H,; simply cor-
responds to ground truth keypoint locations in the target
frame I;. For keypoints that remain static across adjacent
images, i.e., below a fixed threshold, we use standard cir-
cular Gaussian heatmaps without motion encoding. Due
to space constraints, we refer readers to [8]] for complete
implementation details, including the exact formulation
of the Gaussian parameters and rotation.

Feature extraction. Our approach relies on a ViT back-
bone as a feature extractor [[10]. First, the target image I;
is passed through the ViT to obtain features, denoted F7,.
For the adjacent images I;_; and I;,, the features are
not extracted directly. Instead, these are treated as refer-
ence images to assess the spacecraft’s motion within the



sequence. In this context, the motion between I; and each
supporting image is given by

Vier = O(Iy, I1—1)

1
Vit = O(L,. o1 M

where O denotes the pre-trained optical flow estimator
from [9]]. Since both flow computations involve the cen-
tral image I, the notation is simplified by expressing the
estimated motion vectors as a function of their second in-
put, i.e., Vi1 and V;4,. After computing these motion
vectors, the corresponding motion-aware features F;_;
and Fy,; are generated by combining V;_; and V., with
the image features F7,, respectively. We follow the MT-
Pose strategy [8] for this fusion process. Specifically,
we rely on Multi-Head Cross-Attention (MHCA) blocks,
where [, serves as the query, and each motion vector
acts as both key and value. The outputs from MHCA
blocks are then passed through a Feedforward Network
(FFN) to produce the final motion-aware features F;_;
and Fy .

Given F;_; and F}., the corresponding motion-aware
heatmaps H;_; and H;,; are obtained using a decoder
D, which consists of a couple of deconvolution blocks.
Then, those heatmaps are fused via deformable convolu-
tions [33] with varying dilation levels. This fusion step
produces the final heatmap H;, which represents the es-
timated 2D keypoint positions in the target image I;. To
perform supervised training, we rely on a loss function
similar to [8]]. It involves comparing predicted H;, H;_;
and H;,, and ground truth H;, H;_; and Hy; sets of
heatmaps.

3.2. 6-DoF spacecraft pose estimation

Given the estimated heatmaps [; from the previous
stage, we use argmax to extract the corresponding 2D
keypoint locations. Then, the 6-DoF pose of the space-
craft is predicted using the PnP algorithm [34]. In partic-
ular, PnP takes the estimated 2D keypoints, a set of cor-
responding 3D locations of the keypoints X; in the object
reference frame (known from the spacecraft 3D model),
and the camera intrinsics matrix M. Then, it computes
the rotation R € SO(3) and translation 7' € R? that
align these points with their corresponding 2D projec-
tions z; in the image. Formally, PnP algorithm solves
x; = M (RX;+T), where i € [1,n] is the index of
keypoints. This formulation enables robust 6-DoF pose
estimation from monocular images by exploiting both
geometric correspondences and prior knowledge of the
spacecraft and camera model.

4. EXPERIMENTS

4.1. Data

SPADES-RGB. We utilise SPADES dataset [|11]] for both
training and evaluation. This dataset features simulated
data utilising the Proba-2 satellite from the PROBA-2
mission [35]], collected in the Zero-G lab [36] with a

scaled mock-up model. SPADES offers sequences of
temporal images depicting diverse background and light-
ing conditions. Although, originally designed for event-
based vision research, the dataset also includes RGB im-
agery. In this paper, we exclusively employ the RGB part,
hence referred to as SPADES-RGB. The dataset contains
300 sequences and each sequence consists of approx-
imately 600 RGB images. These sequences comprise
training, validation, and test sets, with 210, 45, and 45
sequences assigned to each group, respectively.

SPARK-2024 Stream 2. To assess the generalisation of
our approach, we extend the evaluation to the SPARK-
2024 dataset [12]]. Similar as SPADES, this dataset fea-
tures the same Proba-2 satellite, but it includes two dif-
ferent domains, real and synthetic. The real data com-
prises four sequences with a total of 2,048 images. In
contrast, the synthetic data is more extensive, including
7,424 images distributed across 99 sequences. Note that
the SPARK-2024 dataset has been solely used for evalu-
ation purposes and not for training the models.

4.2. Metrics

To quantitatively evaluate the performance of the model,
we evaluate two tasks, 2D keypoint localisation and 6DoF
pose estimation. For 2D keypoint localisation, we use
the normalised Percentage of Correct Keypoints (PCK)
metric. Given the estimated 2D keypoints and the corre-
sponding ground truth keypoints, PCK measures the pro-
portion of keypoints that fall within a specified distance
threshold, normalised by the size of the bounding box.
Following standard practices on 2D keypoint localisation,
the normalisation factor is defined as the diagonal length
of the bounding box enclosing the predicted keypoints.
The PCK metric is computed at three different thresholds,
including 1%, 5%, and 10% of this diagonal, denoted as
PCK@1, PCK@5, and PCK@ 10, respectively.

For evaluating 6-DoF pose estimation, we rely on stan-
dard pose error metrics [37]], including position error F},
orientation error F,, and pose error Ep. The following
equations formally define these metrics,

Ey = |IT =T,
E, =2arccos | < R,R > |, 2)
Ep = Eq+ Ei/||T]],

where T and T' represent the ground truth and estimated

positions, respectively, and R and R denote the ground
truth and predicted quaternions.

4.3. Implementation details

During training, our model inputs three consecutive im-
ages, each derived from a cropped section of the original
image. The cropped region is centred on the spacecraft’s
bounding box, which we assume is provided as part of the
dataset annotations. Within each dataset sequence, the



Dataset

2D keypoint localisation metric

6-DoF pose metrics

PCK@10 (1) PCK@5(1) PCK@I (D) E(l) Er(l) Ep(l)
SPADES-RGB 94.05 84.05 18.17 0.227 7.57 0.157
SPARK-REAL 77.45 50.93 4.24 0.210 15.31 0.320
SPARK-SYN 98.16 91.45 19.17 0.137 4.69 0.099

Table 1. 2D and 6-DoF pose estimation metrics. Quantitative results from our model on SPADES-RGB, SPARK-REAL,

and SPARK-SYN evaluation sets.

frames are sampled with a seven-frame interval to encour-
age the model to capture meaningful motion dynamics.
We rely on a ViT-Base architecture as encoder, initialised
with ImageNet weights [38]]. Unlike the approach in []],
the encoder is fine-tuned jointly with the other compo-
nents of our model, except for the optical flow estimator.
For flow estimation, we adopt a pre-trained RAFT-Large
model [9], which is kept frozen throughout the training
process. We utilise Adam optimiser with a learning rate
of 1.5 x 10~%, a cosine learning rate scheduler, and a
batch size of 128. Training runs for 150 epochs on 4
NVIDIA A100-40GB GPUs. For 6-DoF pose estimation,
we follow the PnP implementation provided in OpenCV[ﬂ
All other implementation details, including the loss func-
tion and motion-aware heatmap generation, follow the
setup in [8].

4.4. Results and discussions

We evaluate the trained model on both keypoint locali-
sation and 6-DoF pose estimation, using the 45 test se-
quences from the SPADES-RGB dataset. [lable 1| re-
ports the PCK metrics at several thresholds and the 6-DoF
pose metrics. For the 2D keypoint localisation task, note
that reducing the threshold as in PCK@5 does not sig-
nificantly impact overall performance. However, when
using PCK@1, the performance drops noticeably, as this
stricter threshold poses a challenge for most pose es-
timators. Since previous works have only reported 6-
DoF results on the event-based version of the SPADES
dataset [[11]], our results on the 6-DoF pose estimation
task provide a benchmark for the image-based version,
SPADES-RGB.

To further assess the generalisation capabilities of our
approach, we test our trained model, without any fine-
tuning or domain adaptation, on both the synthetic and
real subsets of the SPARK-2024 dataset. As can be ob-
served in metrics remain relatively consistent
across SPADES-RGB and SPARK-SYN. However, per-
formance degrades on SPARK-REAL, with all metrics
showing a decline. This drop on performance is expected,
due to the data distribution shift between synthetic and

real sets. [Figure 4] provides per-sequence analysis of 2D
keypoint localisation.

Interestingly, the model performs better on the SPARK-
2024 synthetic data than on SPADES-RGB. This might
be due to the fact that both datasets use the same space-
craft model. Futhermore, the synthetic sequences from

lhttps://docs.opencv.orqg/4.x/d5/d1f/calib3d_
solvePnP.html

SPARK-2024 likely present fewer challenges in terms
of pose variation and illumination. In contrast, the
SPADES-RGB dataset includes more difficult scenarios,
as further illustrated by the qualitative examples in
ure 3|

4.5. Ablations

We perform an ablation study on two high-level com-
ponents of our approach, as depicted in The
first experiment involves training a version of the model
using only a single input image (N-MA), effectively re-
moving motion awareness. As shown in the second row
of this modification leads to a consistent drop
in performance, particularly under stricter PCK thresh-
olds. The 6-DoF pose estimation is also affected, show-
ing higher error values compared to the full model that
uses three input images. This experiment showcases the
positive effect of relying on temporal information for this
approach.

Setup PCK@I0} PCK@5T E,| Erl Erl

MA 94.05 84.05 0.227 7.57 0.157
N-MA 92.63 70.33 0375 884  0.197
FE 15.76 8.37 4.88 10442 237

Table 2. Ablation study of model components. 2D and
6-DoF pose estimation metrics under two training set-
tings: a baseline without motion awareness (N-MA), and
training the motion-aware framework with a frozen ViT
encoder (FE).

Additionally, we evaluate a variant of the model where
the encoder is kept frozen and only the remaining compo-
nents are trained. This configuration (FE) results in very
poor performance as depicted in the second row of
We hypothesise that ImageNet-pretrained weights
fail to capture the domain-specific features of the space-
craft, which are crucial for our task. Note that in the orig-
inal model for human pose estimation by Song et al. [39]],
the authors also freeze the encoder. However, they ini-
tialise the ViT encoder from a pre-trained human pose
estimation model, not from ImageNet.

We conduct an additional analysis to breakdown the key-
point localisation performance. We simply filter the pre-
dictions based on their PCK@ 10 score and evaluate the
proportion of the data that meet that condition. As illus-
trated in[Table 3] the PCK and 6-DoF metric is computed
only on the subset of samples that satisfies the condition
of PCK@10 scores. Surprisingly, around 81% of our pre-
dictions achieve a PCK@ 10 greater than 90%, indicating
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Figure 3. Qualitative results for 2D keypoint localisa-
tion and 6-DoF SPE. The first four rows depict sequences
Jfrom SPADES-RGB data with their corresponding 6-DoF
ground truth (green) and estimated poses (pink). Last two
rows show real sequences from SPARK-2024 depicting
ground truth (green) and estimated (pink) 2D keypoint
locations. Zoom in for better visualisation.

that, in most cases, the model accurately estimates the
majority of keypoints.

Setup Data (%) PCK@I07 E,| FE,| EpJ
No filtering 100 9405 02275 7.57 0.1571
PCK>125  99.04 9491 02186 685 0.1437
PCK>25 98.18 9551 02105 653 0.1375
PCK>50 95.36 9701 0811 575 0.1209
PCK>90 81.50 100.00  0.1343  4.63  0.0969

Table 3. Effect of PCK-based filtering on pose metrics.
PCK@ 10 and 6-DoF pose accuracy after applying dif-
ferent filters to the predictions.

5. CONCLUSION

This work presents a framework for estimating 6-DoF
spacecraft poses from monocular image sequences. Our
approach follows a hybrid design. It first estimates 2D
keypoints while directly incorporating motion informa-
tion from supporting images. Then, it computes the 6-
DoF pose using a PnP solver applied to the predicted key-
points. We demonstrate the effectiveness of our method
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Figure 4. Distribution of PCK@10 scores per each se-
quence on different test data. Each blue circle in the plots
represents a sequence from the corresponding set, namely
SPADES-RGB, SPARK-REAL and SPARK-SYN. Red lines
correspond to the average PCK@ 10 for each set.

and set a benchmark on the SPADES-RGB dataset. Ad-
ditionally, the generalisation performance of the model
is shown through cross-dataset testing on both real and
synthetic data from the stream 2 of SPARK-2024 dataset.



The results indicate robust performance in both 2D key-
point localisation and 6-DoF pose estimation across do-
mains. Future work contemplates to adapt the method
to longer image sequences, which might help to capture
richer motion dynamics and potentially improve pose es-
timation performance.
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