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Abstract

Proximity operations are becoming increasingly more important for current and future space missions, particularly
On-Orbit-Servicing (OOS) and Active-Debris Removal (ADR) ones. In this framework, a high-accuracy estimation
of the relative pose (position and attitude) between spacecraft is required to successfully and safely achieve complex
proximity operations like inspection, rendezvous, and docking. Visual navigation has recently become one of the most
popular techniques for this purpose, thanks to the availability of increasingly compact, precise, and reliable monocular
cameras. Traditional approaches relying on hand-engineered feature matching do not guarantee robustness or sufficient
generalization, whereas Convolutional Neural Network (CNN)-based architectures have demonstrated improved robust-
ness, noise rejection, and resilience to unseen scenarios. Despite their potential, these algorithms do not frequently
reach the desired accuracy due, among others, to the employment of heuristic approaches in the choice of hyperparam-
eters and the unavailability of an adequate large dataset.
This work proposes a CNN-based architecture for non-cooperative spacecraft monocular pose estimation exploiting
optimization techniques to overcome these limits, improve performances and reduce the computational effort. This
is achieved through the usage of a robust analytical method to select the best set of hyperparameters to minimize the
pose loss function and the enhancement of the dataset for better feature learning. Moreover, the relationship between
hyperparameters and the objective function (pose loss) is investigated, as well as the impact of different sets of hyperpa-
rameters on the CNN performance. A Blender® based synthetic dataset of approximately 25,000 synthetic images of an
uncooperative target is generated to train the CNN. Such images are used to emulate representative proximity scenarios
to validate the proposed approach.
The obtained results show that the proposed algorithm achieves centimeter-level position accuracy and near-degree-
level attitude accuracy, maintaining, at the same time, high robustness against changes of illumination conditions and
background textures.
Keywords: On-Orbit Servicing (OOS), rendezvous and docking, pose estimation, visual navigation, Convolutional
Neural Network (CNN), hyperparameter optimization

Acronyms/Abbreviations 1. Introduction

Active Debris Removal (ADR) The last years observed a dramatic increment in the
Convolutional Neural Network (CNN) small satellites market due to the improvement of the op-
Pose EStimation Network (PEN) erational capabilities achieved by this type of spacecraft
Perspective-n-Point (PnP) while maintaining lower cost and quicker schedule com-
Spacecraft Pose EStimation Dataset (SPEED) pared to larger spacecraft. Small-satellite missions are
Waking Safety Ellipse (WSE) now used for a range of applications, including Space
Final Approach (FA) exploration [|ll], On-Orbit Servicing (OOS) [2], In-Orbit
Testebed for Rendezvous and Optical Navigation (TRON)  Demonstration (IOD) [3], and remote sensing [4]. One of
Space Rendezvous Laboratory (SLAB) the most interesting CubeSat missions involves inspecting
In-Orbit Demonstration missions (IOD) a mothership by maneuvering around it [5]. In the frame-
On-orbit Servicing missions (OOS) work of these missions, the most challenging operational
Hyperparamter Optimization (HPO) capability [0] to be completed is often the retrieval. The
Tree-structured Parzen Estimator (TPE) satellite should approach the Target vehicle and achieve
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the retrieval position. Proximity operations, including ren-
dezvous and retrieval, impose stringent constraints that
significantly influence the design of critical subsystems,
such as attitude determination and control [ﬁ], propulsion
systems, retrieval mechanisms [§], and guidance, naviga-
tion, and control [E] [] (GNC). To address these chal-
lenges, highly precise relative navigation techniques are
required to complete the mission for their accuracy. Nowa-
days, digital cameras are compact, accurate, noninvasive,
and inexpensive making visual navigation the optimal ap-
proach for precisely estimating relative position and atti-
tude - pose estimation - .

Traditional pose estimation methods are based on hand-
engineered features (e.g. corners, blobs, edges) described
using feature descriptors and detected using feature detec-
tors (e.g. SIFT, SURF.etc) to detect features in the 2D
images and to use their 3D correspondences to compute
the relative pose [], []. Unfortunately, these methods
struggled in a space environment under varying illumina-
tion conditions, low signal-to-noise ratios, and the high
contrast often found in space imagery, leading to inaccu-
rate target state estimation in many situations. These fac-
tors have driven the development towards Convolutional
Neural Networks, with impressive results, such as higher
robustness and resilience to noise and unseen scenarios.
A CNN for space application was proposed in [] that
extracts 2D keypoints on the image which can be used
in conjunction with corresponding 3D model coordinates
(landmarks) to compute relative pose via the Perspective-
n-Point (PnP) problem showing promising results. An-
other example can be found in [[14] where the landmarks
detection is combined with geometric optimisation, asso-
ciating the keypoints to their corresponding 3D points on
an a priori reconstructed 3D model, then solving for the
object pose using non-linear optimisation.

However, the majority of Deep Learning-based ap-
proaches still depend heavily on labeled data, which is dif-
ficult to obtain. While generating synthetic data and ac-
quiring data in laboratory settings are considered the most
feasible methods for training and testing these algorithms,
there is a significant performance drop when applied to
real-world test images compared to training images. This
issue is known as the Domain Gap.

1.1 Domain Gap

One of the primary issues with applying ML models to
images is that the training process requires a huge quantity
of specific-application data. In the context of Space Explo-
ration, this gap refers to the significant difference between
training data and the data encountered during actual oper-
ations in Space and a consequent obstacle in obtaining an
exhaustive evaluation of the trained model before the de-
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ployment of the mission itself.

Fig. 1. Starting from the upper image, a synthetic image of
a target satellite, in the middle a HIL image (SPEED+,
sunlamp), and on the bottom a real image of a target
satellite( mission Cygnus, NASA, February 2014 ).

Addressing Domain Gap is crucial for ensuring the suc-
cess of space missions, as systems designed and tested in
a too different environment may not perform optimally or
may even fail when deployed in Space. Several strate-
gies have been developed to bridge the Domain Gap.
Among the most popular is the development of a bench-
mark dataset, SPEED, which later became SPEED+ [].
It is composed by 59.960 synthetic photos, 6,740 HIL im-
ages for emulating diffuse light in Earth’s orbits (lightbox),
and 2,791 HIL images for simulating the sun’s influence
on the spacecraft, (sunlamp).[] These images are pro-
duced at the Testebed for Rendezvous and Optical Navi-
gation (TRON) facility at Space Rendezvous Laboratory
(SLAB) at Stanford University by using two 6 Degrees-
of-Freedom (DOF) robot arms, one holding a mockup of
the spacecraft, and the other moving a camera along a lin-
ear rail. These images can be considered as surrogates of
spaceborne images but they do not cover all possible sce-
narios, although making a great contribution to solving the
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problem. Although the images in these datasets are invalu-
able for addressing the gap, they cannot account for every
possible scenario encountered in space. To further mini-
mize the it, real spaceborne images from missions, such as
NASA’s Cygnus mission [[17], are used. However, due to
differences in target geometry and environmental factors,
results obtained from these real images may not always be
consistent. Additional techniques, such as data augmenta-
tion and texture randomization, are frequently employed
to make datasets as domain-agnostic as possible, further
enhancing the robustness of the models.

The proposed work seeks to enhance the accuracy and
robustness of pose estimation through a CNN-based ap-
proach combined with advanced optimization techniques.
Specifically, the study investigates hyperparameter opti-
mization as a method to identify the optimal set of hy-
perparameters, thereby minimizing the pose loss function.
Additionally, the dataset is refined and augmented to im-
prove feature learning.

The structure of the paper is organized as follows: Section
2 addresses the challenge of the Domain Gap and outlines
the creation of the dataset, along with the enhancement
techniques employed, such as data augmentation. Section
3 provides a numerical evaluation of the proposed method
by comparing the performance of the trained model with
and without the application of the suggested optimization
techniques. This section also presents simulation results
and discusses key performance metrics that demonstrate
the improvement in accuracy and robustness. Finally, Sec-
tion 4 concludes the paper by summarizing the key contri-
butions and findings of the study, as well as proposing po-
tential directions for future research and implementation.

2. Dataset

The dataset is composed of around 25000 synthetic
RGB images divided into two main blocks: 20000 are gen-
erated in the context of Walking Safety Ellipses (WSE) for
target observation, spanning from 600 to 100 m away from
the target distances, and 5000 RGB images are produced
in the context of the Final Approach (FA) trajectory dur-
ing the rendezvous maneuver, spanning from 80 to 8 m. In
both cases, the images are generated placing the chaser on
the corresponding trajectory, considering random illumi-
nation conditions with a resolution of 2048x1536 pixels.

Also, they are divided using a 70-15-15 ratio for
training, validation, and testing respectively, to avoid
overfitting.

[AC-24-C.1.88170

(a) Final Approach dataset

(b) Walking Safety Ellipse dataset

Fig. 2. Examples of images from the two datasets

Table 1. Dataset settings

Dataset
Walking Safety Ellipse Final approach
20000 RBG images 5000 RBG images
600 to 100 m 80 to 8 m
2048x1536 pixels 2048x1536 pixels

70-15-15 ratio 70-15-15 ratio

2.1 Dataset Generation

The custom dataset is developed using Python APIs
of Blender. For this specific application, a CAD model
of the target is placed into a scenario and Blender’s,
built-in camera model is used to visualize the camera’s
field of view. While this method may lack physical and
radiometric accuracy, it serves as an effective means to
assess feature extraction algorithms in ideal conditions.
The environment is built by incorporating a realistically
scaled Earth, a dynamic sun, and trajectory input from
STK or MATLAB simulations. The Earth comprises
three distinct elements - terrain, atmosphere, and clouds
- each with a customized shader. "The atmosphere is
modeled to replicate Rayleigh scattering and atmospheric
pressure decay, attributing color to the sky during the
day and imparting a reddish hue during sunset. Volu-
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metric effects in the cloud layer are simulated through
a semi-transparent texture enveloping the globe, while
the placement of the sun mesh aligns with the sun vector,
accompanied by Blender’s lens flare effects when visible
from the camera[]”.

Blender’s API also generates ground truth labels based on
the known position and orientation of the target. Despite
its benefits, this approach has some limitations. The
synthetic nature of the images leads to inaccuracies, and
the rendering process is time-consuming. Additionally,
issues like total black images or those generated during
eclipses complicate feature recognition. These challenges
make dataset cleaning necessary, for which a CNN is
used to filter out problematic images and improve dataset
quality.

e Camera - [R] ourout Tnages
— ——

— .

® ’ A
Letibld Fost

Sinpy Render srocessing
'/.-"..-‘\-. l
— .

- o ~—
.Q. Light 30 SR '&'
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Fig. 3. Dataset creation pipeline from []

Fig. 4. On the right side, a random image generated in nor-
mal conditions, in the center a random image generated
in eclipse conditions, and on the left side, a random im-
age generated without the presence of the target.

2.2 Data Augmentation

In addition to utilizing the developed synthetic dataset
of 25,000 images to train the network for pose estimation,
Data Augmentation techniques have also been applied
to further enhance model accuracy. For these reasons,
Data Augmentation is fundamental to broaden the dataset,
enhance the performances and reduce the overfitting on
synthetic images. The used approach in this work is to
use Albumentations [], a python library widely used in
computer vision tasks to increase the quality of trained
samples from already existing data.
The applied effects can be divided into style-
augmentation, like Blur or Texture Randomization
and more standard ones, like Flip and Resize.

IAC-24-C.1.88170

Fig. 5. Example of input image

Table 2. List of the Data Augmentation and equivalent
commands in Albumentations. Table inspired by [].

Data Augmentation

Augmentation Techniques Commands

Resize A.Resize

Horizontal Flip A.HorizontalFlip

Vertical flip A.VerticalFlip
Noise A.OneOf(A.GaussNoise,A.ISONoise)
Blur A.OneOf(A.MotionBlur,

A.MedianBlur,A.GlassBlur)
Brightness and Contrast A.RandomBrightnessContrast

Texture Randomization*

*github.com/philipjackson/style-augment
ation[2(]

The implemented augmentations, showed in Table E
have a probability of 0.5 for activation each.

(a) Vertical flip

(b) Horizontal flip (c) Blur

Fig. 6. Example of applied transforms

endcomment

3. Pose Estimation Network

This work proposes a CNN-based architecture for non-
cooperative spacecraft pose estimation using a multiple-
heads architecture.
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T R e ple prediction heads that are used for different pur-
P poses, such as bounding box detection, keypoints
prediction and direct pose regression. These heads
are connected between each other thanks to the
Shared Feature Encoder composed by the Efficient-
Net backbone and the Bi-directionalFeature Pyramid
Network. The presence of multiple heads has the aim
to collect more generalized features that can add ro-
bustness to the prediction.

Blesder ataset generation Prebminary Clasification NN

Prise Fatimatian TN

11— AW LT
B . ;

B+ v G S
B

e Efficiusnie
Backbens

Fig. 7. Pose Estimation Network architecture

It consists of a three-step process:

* The number of keypoints on the item to be detected
is selected. In this application, a set of 6 keypoints is
picked, geometrically corresponding to spacecraft’s
head, the tail and the corners of its two solar pan-
els. Subsequently, the 3D coordinates are retrieved
from the CAD model of the target and the ground-
truth (2D pixel coordinates of the keypoints) is com-
puted through an inverse PnP problem []

i1 T2 T3 te X
u fo v w0 ro1 T2 ra3 t Y 0 200 400 600 800 1000
vl =10 fy, 20]- vl
1 0o 0 1 T31 732 733 U2 Z
0 0 0 1 1

Fig. 8. EfficientPose bounding box prediction

where u and v are obtained from the multiplication
of the intrinsic camera matrix K with the extrinsic
camera matrix [R]t] (it is the one that is normally un-
known and has to be estimated) and the 3D coordi-
nates of the keypoints in the target Reference Frame.
The intrinsic camera matrix’s parameters,( f, and f,),
describe the camera’s focal lengths, whereas ~y repre-
sents the skew coefficient. 40 and v0 are the princi-
pal point coordinates.

In the extrinsic camera matrix, r;; represents the rota-
tion matrix elements, whereas ¢, ¢, and ¢, are trans-
lation vector components of the camera.

* Once the dataset has been generated, a first CNN is
used is to clean it from black images and the ones
generated in eclipse, in which no features can be
extracted. The built network is a binary classifier,
trained to recognize the presence of the target in the
image.

* The images are then fed into a second CNN, which
architecture is inspired by [], consisting of multi-

Fig. 9. EfficientPose keypoints prediction
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Fig. 10. Heatmap keypoints prediction (overlay of single
keypoint heatmaps)

4. Hyperparameters Optimization

Hyperparameters play a crucial role in determining the

performance of CNN-based algorithms. However, the pro-
cess of identifying the best hyperparameters can be chal-
lenging and typically involves subjective and ineffective
trial-and-error methods, as they are mostly tuned using a
heuristic approach. While these methods are simple and
easy to implement, they rely on subjective and sometimes
inefficient trial-and-error procedures that frequently fail to
fully exploit the potential of CNN architectures, resulting
in suboptimal performance.
Hyperparameter optimization (HPO) provides a sys-
tematic and automated strategy to overcome these restric-
tions, improving the performance of CNN-based algo-
rithms. By leveraging optimization techniques such as
grid search, random search, or Bayesian optimization,
HPO systematically explores the hyperparameter space to
identify configurations that maximize performance met-
rics. This systematic exploration mitigates the risk of
missing crucial hyperparameter interactions and assures
a more exhaustive search for optimal configurations. Fur-
thermore, HPO techniques allow for the introduction of do-
main knowledge and prior information into the optimiza-
tion process, allowing for more informed decisions about
hyperparameter settings. E.g. Bayesian optimization can
efficiently leverage past evaluations to adaptively adjust
the search space and prioritize promising regions, leading
to faster convergence and improved performance.

This work specifically explores hyperparameter opti-
mization as a method to improve the accuracy and robust-
ness of the proposed CNN-based architecture. The goal
is to identify the optimal set of hyperparameters for train-
ing the network, which in turn minimizes the pose loss
function and enhances overall model performance. Op-
tuna library [21]] is used as hyperparameter optimization
framework.

[AC-24-C.1.88170

Fig. 11. https://github.com/optuna/optuna/tre
e/master

It is a popular choice since it is easy to use and has
a wide range of features for efficient experimentation. Its
lightweight, versatile, and platform-agnostic architecture
ensures compatibility across various tasks with minimal
setup requirements. Moreover, Optuna adopts state-of-
the-art algorithms for sampling hyperparameters and ef-
ficiently pruning unpromising trials, optimizing the explo-
ration process. Additionally, rapid visualization tools al-
low users to easily review optimization histories, offering
significant insights into the optimization process.

In the presented HPO, a study instance is created. The
study aims to identify the ideal set of hyperparameter val-
ues (e.g. optimizer, scheduler, etc.) that minimize or max-
imize the stated objective function across several trials
(e.g., 30). In this specific case, the objective function is
the pose loss, computed at each validation step, while the
hyperparameters search space comprises:

e Scheduler:options include exponential,polynomial,
cosine decay, step, and cosine warmup

* Learning rate:the available range spans from le-5 to
le-3. The proposed limits represents standard values,
known to be effective for this parameter in similar
tasks

* Learning rate factor: also in this case, standard val-
ues are considered, defining a range from 0.1 to 0.9

* Batch size: parameter ranges from a minimum of 4 to
a maximum of 8 images per GPU. This range accom-
modates standard values while considering hardware
limitations and optimization for parallel processing

* Number of epochs:it is set from 100 to 150 epochs.
The objective is to identify an optimal balance be-
tween training duration and model performance, con-
sidering computational constraints

* Optimizer: options include Adam, AdamW, and SGD.
While Adam is commonly used, exploring alterna-
tive optimizers accounts for po-tential interactions
between hyperparameters and optimizer choice.

» Weight decay interval amplitude: this parameter de-
fines the amplitude of the weight decay interval in
case of step scheduler. It can be chosen between 1
and 2
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* Epochs for learning rate decay: this parameter de-
fines the number of epochs after which the learning
rate decays. It can be chosen between 0 and the end
epoch

Hyperparameter optimization

Hyperparameter Values
Learning rate [1e-5;1e-3]
Learning rate factor [0.1;0.9]
Batch size [4:8]
Number of epochs [100;150]

Adam, SGD, AdamW
[1;2]
[0;End epoch]

Optimizer
Weight decay interval amplitude

Epochs for learning rate decay

Table 3. Summary of chosen hyperparameters to be tuned
and relative search spaces

Along with the definition of the parameters, the prun-
ing method and sampler are also defined to help efficiently
allocate computational resources and terminating trials
that are unlikely to yield promising results.

The chosen pruning method is the MedianPruner. It
prunes trials that are less promising based on the median
of the intermediate values observed. In other words, a trial
is pruned if its intermediate value is worse than the median
of the intermediate values of the previous trials at the same
step.

The Tree-structured Parzen Estimator (TPE) op-
timizer is adopted as sampler. It balances exploration
(searching for promising regions of the search space) and
exploitation (focusing on regions that are likely to contain
the optimum) by using a tree-structured approach:

1. Division of Search Space: the Search Space is di-
vided into regions or segments, often represented in
a hierarchical or tree-like structure, each node in the
tree corresponding to a particular region.

2. Exploration and Exploitation: TPE iteratively ex-
plores different regions, guided by the tree structure,
to find promising areas. It prioritizes regions that
have been less explored to balance exploration and
exploitation.

3. Probabilistic Modeling: TPE uses a probabilistic
model within each region to estimate the perfor-
mance of hyperparameter configurations, focusing
the search on those with higher predicted perfor-
mance.

[AC-24-C.1.88170

4. Tree Structure Update: As the search progresses,
TPE updates the tree dynamically based on perfor-
mance data, improving resource allocation by con-
centrating on regions with better potential for perfor-
mance gains.

Once the hyperparameters, pruner, and sampler are de-
fined, the model is built, a guess is made, and the objective
function is initialized. Before optimization begins, ran-
dom seeds are set, and configuration parameters are up-
dated based on trial suggestions to ensure reproducibility.
The training process then enters its main loop, where it it-
erates over epochs, adjusts the learning rate, and evaluates
model performance on the validation set. If the pose esti-
mation loss does not meet the pruning criteria, the trial is
pruned to save time and resources.

5. Results and Discussion
5.1 Trial-and-error VS Hyperparameter optimization
Two training sessions are conducted with different sets
of hyperparameters. The first session uses trial-and-error
values, while the second session employs values obtained
from a hyperparameter optimization process. Although
the second session runs for 100 epochs, only the first 30
epochs are reported for comparison with the duration of
the first session.

Pose Estimation Network - Hyperparameter settings

Hyperparameters Values
Learning rate 0.000533
Learning rate steps [44.,65]
Learning rate factor 0.2775
Batch size 7
Number of epochs 100

Number of validation epochs  One after each training epoch

Table 4. Summary of PEN hyperparameters and their val-
ues for the hyperparameter optimization approach

Pose Estimation Network - Hyperparameter settings

Hyperparameters Values
Learning rate 0.01
Learning rate steps [15,18]
Learning rate factor 0.1
Batch size 8
Number of epochs 30

Number of validation epochs  One after each training epoch

Table 5. Summary of PEN hyperparameters an their val-
ues for the trial and error approach
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son between trial and error approach (Jan24) and hy-
perparameter optimization (Mar24)
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Fig. 13. Heatmaps and EfficientPose loss comparison be-
tween trial and error approach and hyperparameter op-
timization

Although the detection and Heatmaps techniques show
similar behavior in both sessions, the first setting has a
slight advantage in bounding box detection and classifica-
tion, as it has earlier learning rate drop settings at 15 and
18 steps []. The biggest difference between the two mod-
els is noticed in the pose estimation, where the first model

IAC-24-C.1.88170

stabilizes at a loss of 0.92, while the second model follows
a descending trend, resulting in a loss value of 0.19.

Synthetic dataset + Data Augmentation

Resolution #Rej IoU[-] FE;[m] FE,[deg] Epose[-]
1024x768 15 0.907 1.38 12.07 0.922
1024x768 1 0.925 0.498 2.727 0.186

Table 6. Performance comparison of PEN performances
using trial and error approach (first row) and hyperpa-
rameter optimization (second row)

The above table compares model performance before
and after applying hyperparameter optimization. The pa-
rameters include resolution (1024x768), number of rejec-
tions (#Rej), Intersection over Union (IoU), translation er-
ror (E;) in meters, quaternion error ( F,) in degrees, and
overall pose error (F},,s.). The second model shows sig-
nificant improvements, with only 1 rejection, an increased
IoU of 0.935, reduced translation and quaternion errors of
0.42m and 2.386 degrees, respectively, and a dramatically
lower pose error of 0.050.

Optuna provides a range of visualization tools to help
users analyze and interpret optimization results. These
tools include visualizations for understanding the search
space, tracking the performance of trials, and identifying
the influence of individual hyperparameters. In particular,
the feature importance plot and contour plot are chosen to
visualize some obtained results.

Hyperparameter imporiance

sxhduler

Hyperparameter

1

Fig. 14. Feature importance plot

The feature importance plot offers insights into the rel-
ative importance of different hyperparameters in influenc-
ing model. The major contribution is given by the sched-
uler (0.27). The value of the learning rate follows with a
variance of 0.22 up to the batch size that turns out to be
the hyperparameter that less impacts the performances of
the model.
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A contour plot depicts instead the relationship between
two hyperparameters and the objective function, as shown
by the color gradient.By analyzing the contour plot, it
is possible to detect how variations in the hyperparame-
ters influence changes in the objective function, thereby
identifying promising regions within the hyperparameter
space.A bar on the graph’s side specifies the objective
value scale, which ranges from white (about 0.65 as the
loss value) to dark blue (roughly 0.09). Darker regions
within the plot corresponds to the best values for each hy-
perparameter (e.g. 7 as batch size or 100 as number of
epochs) since they correlate to lower values of the objec-
tive function.

5.2 WSE dataset VS Final Approach dataset

The results of the two different datasets are compared
in the table and graphs below. The first dataset is the one
corresponding to the Walkin Safety Ellipses, while the sec-
ond dataset is the one represented the Final Approach of
the chaser and the target. The results are obtained using
the same hyperparameters - obtained from the hyperpa-
rameter optimization study - and the same network con-
figuration. It is important to note that the upper graph
shows 100 epochs, while the lower graph represents only
50 epochs. Even though the final approach dataset has
a lower pose loss than heatmap loss values, its curve fol-
lows the same descending trend as the lower graph. The
main difference lies in the values of loss heads (0.085 VS
0.005 for pose loss). This can be attributed to many rea-
sons: firstly, the final approach dataset is trained using
pre-trained weights from the general dataset, allowing it
to learn faster. Secondly, while the resolution is the same,
the final approach dataset has a less cluttered scene (the
Earth is barely visible in the beackground) with adjust-
ments made to create a more photorealistic dataset. Also,
following a straight-line trajectory, the pose of the final
approach dataset is easier to learn. Both datasets are con-
stituted of synthetic images.

IAC-24-C.1.88170

Synthetic dataset + Data Augmentation

I

Resolution #Rej IoU[-] FE;[m] FE,[deg] Epose [-]
1024x768 1 0.935 0.418 2.386 0.085
1024x768 1 0.992 0.213 0.035 0.005

Table 7. Performance comparison of PEN performances
between WSE dataset (first row) and Final Approach
dataset (second row)
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Fig. 16. Heatmaps VS EfficientPose loss comparison on
the general dataset on the left and the final approach
on the right

6. Conclusions

Accurate determination of spacecraft positioning and
orientation is critical for proximity space operations. This
study presents a CNN-based architecture that aims to im-
prove non-cooperative but known spacecraft pose esti-
mation by effectively addressing the challenges associ-
ated with real-time applications and computational con-
straints. The network demonstrates impressive perfor-
mance metrics, achieving centimeter-level position accu-
racy and near-degree-level attitude precision, while ex-
hibiting robust resilience to varying lighting conditions
and background textures.

Significant challenges remain, particularly regarding
the need for extensive datasets and the time-consuming
process of dataset creation, as well as the domain gap
between synthetic and real-world data. Future improve-
ments will focus on expanding the dataset to further en-
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hance the network’s performance by incorporating realis-
tic space mission disturbances, as well as adding a segmen-
tation head, along with the target’s CAD model to boost ac-
curacy while maintaining acceptable computational load.
Testing the design on real hardware could provide valuable
insights into its performance on onboard computers, vali-
dating the design, and refining hyperparameter optimiza-
tion techniques to further improve performance under real-
time constraints.

By analyzing and optimizing hyperparameters, this re-
search not only improves the CNN’s performance but also
contributes valuable insights into the correlation between
hyperparameters and the pose loss function. The synthetic
dataset of 25,000 images generated via Blender serves as
a critical foundation for training the network, showcasing
the effectiveness of simulation-based training in achieving
high accuracy levels. This work lays a groundwork for
advancing pose estimation techniques in non-cooperative
space scenarios, highlighting the potential for future inno-
vation in this field.
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