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TACKLING TARGET MODEL UNCERTAINTIES IN
VISION-BASED RELATIVE POSE ESTIMATION

Giacomo Battaglia*, Anthea Comellini†, Francesco Capolupo‡ and Paolo
Panicucci§

Close-proximity operations with a non-cooperative target represent a challenging scenario
for the Guidance, Navigation, and Control subsystem. Indeed, as a free-drifting and tumbling
target does not provide any information about its state, monocular vision-based navigation
can only rely on images to determine the relative pose. Despite state-of-the-art assumptions,
only a coarse target model can be available onboard as estimated by dedicated observations
or by prelaunch shape models. Therefore, the target visual and dynamical properties are un-
certain during real operations. This directly impacts image processing and filter designs. In
this article, we propose an AI-aided vision-based navigation solution that accounts for these
uncertainties in the design process. First, we introduce a novel synthetic dataset featuring a
varying-shape target with moving appendages and shape model perturbations. Second, we train
a keypoint-regression network with a dedicated visibility-based conditional labeling strategy to
tackle shape variations. This approach guides learning toward robust local features, rather than
global model matching. Finally, we develop a Schmidt-Kalman filter, including the center of
mass and inertia uncertainties as consider parameters. We evaluate the algorithm in a represen-
tative orbital scenario and compare multiple configurations within a Monte Carlo framework,
showing performance improvements from including those uncertainties in the design.

INTRODUCTION
In Orbit Servicing (IOS), including Active Debris Removal (ADR), refers to the broad concepts of oper-

ations performed on orbit between two spacecraft ranging from repairing to refueling, manipulation using
robotic arms, capturing and de-orbiting. During these operations, a chaser vehicle approaches a target space
object (e.g., an active satellite or a debris) to act in its close proximity. IOS has recently reached a position of
prominence, responding to the need for a more sustainable space environment, aggravated by the continuous
increase of the space debris population. Indeed, the space debris population is bound to grow over time,
potentially rendering entire orbital areas inaccessible in the near future. Therefore, de-orbiting current space
debris with dedicated missions and repairing malfunctioning units with in-orbit probes would decrease the
number of inactive space objects, increase the lifetime of existing ones, and limit the growth of existing space
debris population.

IOS missions usually culminate in a critical close-proximity operations phase. To ensure safety during this
phase, the chaser’s onboard guidance, navigation and control subsystem must ensure six-degrees-of-freedom
relative control with respect to the target. In this context, the role of navigation is to determine the pose (i.e.,
position and orientation) of the chaser with respect to the target, as long as the pose derivatives when possible.
The most challenging scenario foresees a non-cooperative target, where it does not support the chaser with
any information about its absolute state. Therefore, navigation must exploit exteroceptor sensors to perceive
the external environment and the relative state of the target. Sensor information is processed by dedicated
algorithms to extract high-level contextual understanding of changes in the environment. Finally, this con-
textual belief is processed by onboard smoothing over time with dedicated navigation filtering techniques to
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provide a dynamically-consistent pose estimation, along with its derivatives. All of these tasks must run on
space-proven processors with limited memory and computational power, imposing a harsh trade-off between
performance, robustness, latency, and embeddability. Among all the sensors available on the market to per-
form close-proximity operations, passive cameras are usually the preferred ones because they barely affect
mass, power, and volume budgets during the spacecraft design. The sensor processing algorithm that aims to
determine the relative pose from images is known as vision-based navigation.

Despite being a classical assumption in IOS applications (especially for space debris) the non-cooperative
target’s shape is often not be perfectly known a priori. Observation from ground can provide a coarse model
of the target before the mission, and this might be estimated or refined during the inspection phase. In
essence, only a coarse shape model is available before close approach, leading to considerable uncertainties
on dynamical properties (e.g., center of mass and inertia matrix) exploited by the navigation filter, as well
as the shape model used in image processing training. In addition, moving appendages (e.g., solar panels)
might be oriented in a different configuration with respect to the reference shape model, directly impacting
the shape and associated properties. Recall that even when the shape is certain, variation in mass distribution
(e.g., outgassing or sloshing) might directly affect the target barycenter and inertia estimates. All these
uncertainties must be considered within the navigation filter design as it might cause navigation failure due to
inaccurate filter propagation and update. Similarly to the filtering step, image processing is also affected by
shape uncertainty. The image processing is in charge of extracting contextual information (i.e., the pose) from
the images. Among different methodologies, AI-aided image processing exploits the abstraction capability
of neural networks to improve feature extraction compared to handcrafted-based methods. Their application
for spacecraft pose estimation has recently become state of the art1 due to its higher accuracy and robustness
to harsh illumination conditions. Model uncertainties could have a consistent impact on the performance
of state-of-the-art AI-based image processing. Indeed, the neural network might be trained on a wrong
reference shape model, implying a fatal domain gap when deployed on orbit. To counteract this limitation,
uncertainties shall be considered within network training. In conclusion, AI-based image processing shall be
trained to generalize to unseen variations in the target shape, while the navigation filter shall account for the
target dynamical uncertainties via dedicated modeling in the dynamics and measurement functions.

This work designs a vision-based navigation architecture that accounts for target shape-related dynamical
uncertainties throughout the design process. The image processing network is trained on a novel dataset,
composed of varying-shape targets with a randomly moving solar panel. The network is trained for key-
point regression with a supervised approach, where conditional labeling accounts for model variations in
the ground truth. Furthermore, we choose the network architecture to comply with the strict deployability
constraints of space hardware, limiting the size and computational complexity of the design. Finally, we
propose an Extended Kalman Filter2 (EKF), with an additive architecture for the translational state, while we
exploit a multiplicative approach (i.e. MEKF2) for the rotational one. Uncertainties in the target dynamical
properties (i.e., center of mass (CoM) and inertia) are modeled as consider parameters in a Schmidt-Kalman
framework.3 Finally, we test the entire navigation pipeline in a proximity operations scenario with Monte
Carlo simulations.

This article is organized as follows. The section “Dataset” describes the novel synthetic dataset, concen-
trating on our novel shape scattering pipeline. The section “AI-based Image Processing Design” outlines the
AI-aided image processing design, introducing a visibility concept for supervised keypoint labeling, and com-
paring performance of different labeling methods. The section “Navigation filter” provides a brief description
of the navigation filter, focusing on uncertainty modeling in the Schmidt-Kalman design. The section “Re-
sults” presents preliminary Monte Carlo results of the full navigation chain in a proximity operations scenario.
Finally, the section “Conclusion” resumes the results and draws the final considerations from this study.

DATASET

This section describes the design of our novel dataset, featuring a varying-shape target to improve neural
network generalization towards unseen perturbations in the target’s shape. Crucially, the goal of this design
is to increase the robustness of the neural network towards a partially known target, both locally and globally.
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Recently, many datasets have emerged to tackle AI training for vision-based navigation in close proximity
operations. These datasets are usually designed to train pose estimation networks to specialize in a unique
target model, with a model-matching approach. In this context, the network learns to regress a fixed target
shape and its projection under challenging illumination conditions. Many examples of these datasets exist. A
remarkable one is the SPEED+ dataset,4 featuring synthetic and lab-taken images of the Tango spacecraft,5

to assess the robustness of neural networks to the domain gap between real and synthetic images. Many
other datasets exist, either fully-synthetic (e.g., the SPEED dataset6 or Gallet et al.7) or with synthetic and
lab-taken images (e.g., Lebreton et al.8).

This study aims to assess the capability of neural networks to generalize towards variations in the target
shape, due to varying configurations of moving appendages or uncertainties in the onboard target model.
Therefore, we propose a novel fully synthetic dataset featuring a single target with varying shape and solar
panel shape and orientation. This fully synthetic dataset is generated using the SpiCam rendering tool, de-
veloped by Thales Alenia Space.7 SpiCam is a high-fidelity rendering tool specialized in spacecraft image
generation. It performs physics-based rendering using energy conservative BRDF (Bidirectional Reflectance
Distribution Function), computing multi-spectral radiometric quantities based on sensor efficiency values.
SpiCam models all the phases of the detection process, namely the conversion of light fluxes into electrons
and then into quantized bits, taking into account all related disturbances. This dataset is composed of 100’000

(a) Distribution in relative distances. (b) Distribution in relative attitudes.

Figure 1: Pose scattering statistics in the dataset.

images with 1024 × 1024 resolution. They are split into 80’000 images for training and validation and 20’000
images for testing. It features a base target spacecraft model inspired by Sentinel-3.9 This shape model has
one solar panel free to rotate 360 degrees around its axis. The dataset includes uniform scattering in orbital,
pose, environmental parameters, as well as in the target model. Orbital and pose parameters are scattered in
the following way:

1. The absolute position is uniformly scattered in an altitude range between approximately 100 km and
950 km, specializing the dataset for a LEO (Low Earth Orbit) application

2. The relative position of the target with respect to the chaser is also uniformly scattered in terms of
direction, using uniform rotation sampling,10 and in terms of relative distance, between 10 and 30 m

3. The relative attitude between the target and the chaser is also scattered using uniform rotations10

4. The position of the target in the image plane, positioning the target model origin uniformly in a square
of 512 × 512 size around the image center
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Figures 1a and 1b show respectively the scattering statistics of the dataset for relative distance and relative
attitude, while Figure 3 provides heatmaps of the appearance of the target on the dataset images. Furthermore,
the scattering process controls environmental factors such as illumination conditions and the presence of the
Earth and the Moon in the background. In detail:

1. Illumination variability is achieved by uniformly scattering the Sun direction by controlling the Sun
phase angle, with a maximum of 75 degrees.

2. Earth is always placed at the inertial frame origin, Earth’s attitude and Moon’s position are scattered
from their ephemeris by date sampling.

Figure 2 shows the occurrence statistics for each class in the dataset. It appears how the Earth is present in
the background in approximately half of the images, typical of a LEO case. The main novelty of this dataset

Figure 2: Statistics of per-class appearances in the training/validation and testing splits.

(a) Training/validation split. (b) Testing split.

Figure 3: Class density distribution heatmap for the training/validation and testing splits on the image plane.

lies in the variability of the target shape. Along with the aforementioned parameters, we scatter not only the
optical properties of the target (e.g., albedo and roughness) and its multi-layer insulation textures but also its
shape. Our dataset features an articulated part, namely the solar panel randomly rotated around its axis. Also,
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Algorithm 1 Remove vertices and corresponding triangles from the mesh.

Require: Mesh with vertices v ∈ V and faces f ∈ F , number of vertices to remove n
1: Sample base vertex v∗ ∈ V in the mesh.
2: Find v ∈ Vsubset, i.e., the n closest vertices to v∗ using the euclidean distance: ∥v − v∗∥2.
3: Remove the vertices v ∈ Vsubset and all faces f ∈ F s.t. v ∈ Vsubset ∧ v ∈ f .
4: Remove additional vertices that are no longer connected to any faces.
5: Remap vertex and face indices.

return New perturbed mesh with V ′ vertices and F ′ faces.

we introduce perturbations in the actual target shape model, by directly performing scattering on its mesh
elements in the rendering phase.

Algorithm 2 Move vertices of the mesh using a spherical harmonic field.

Require: Mesh with vertices v ∈ V and faces f ∈ F , number of vertices to remove n, number of terms p
of the spherical harmonic field, interval of shape coefficients [l, u], 0 ≤ l, u ≤ 1

1: Sample base vertex v∗ in the subset.
2: Find v ∈ Vsubset, i.e., the n closest vertices to v∗ using the euclidean distance: ∥v − v∗∥2.
3: Compute a spherical harmonic field g of order p with random coefficients:

g(θ, ϕ) = ℜ

[
p−1∑
l=0

l∑
m=−l

cl,m L
(m)
l (ϕ) eimθ

]
, cl,m ∼ N (0, 1)

where L
(m)
l is computed using the Legendre polynomial Pl(x):

L
(m)
l (ϕ) =


(−1)m ℑ

[
P

(|m|)
l (cosϕ)

]
, m < 0,

P
(0)
l (cosϕ), m = 0,

ℜ
[
P

(m)
l (cosϕ)

]
, m > 0.

4: Express the vertices v ∈ V in spherical coordinates v = (r, θ, ϕ) ∈ V . Then normalize the scalar field g
based on its maximum and minimum values on the mesh, and rescale it inside the l, u boundaries:

ḡ(θ′, ϕ′) = u+ (l − u)
g(θ′, ϕ′)−minθ,ϕ∈V f

maxθ,ϕ∈V f −minθ,ϕ∈V f

5: Apply the normalized coefficient to the vertices in Vsubset:

if v ∈ Vsubset , then v → vnew =

ḡ(θ, ϕ)r
θ
ϕ


return Perturbed mesh with V ′ vertices and F ′ faces.

To scatter the target shape, we generate a number of perturbed models starting from the base mesh. Per-
turbations are applied to connected subsets of the mesh triangles, and they are of two types: removal, where
the subset is deleted, and deformation, where the subset vertices are moved using a spherical harmonic field.
Algorithms 1 and 2 show the two procedures for these two perturbations. These perturbations are applied
locally multiple times both on the hub and the solar panel, by sampling the origin point and the size of the
subset. The level of “destruction” of the shape is regulated by choosing how many times to apply mesh
changes and the number of vertices impacted. In this manner, we generated 100 different perturbed models
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for the hub and the solar panel and randomly combined them during image generation. In conclusion, 80
models are used in the training/validation split and 20 models in the testing split.

Finally, to clean up the dataset, we designed an image quality check pipeline to reject outlier images.
Indeed, unfortunate illumination conditions might generate images in which the target is not actually visible.
Those images represent actual outliers in the dataset, which may pollute the final performance of the trained
models. Hence, the image checking pipeline verifies whether an image is compliant with intensity, gradient
and entropy thresholds and discards unsatisfying configurations. For completeness, Figure 4 shows some
sample images taken from the dataset.

(a) Part of the hub missing,
Earth background.

(b) Part of the panel missing,
Earth background.

(c) Part of the hub missing,
low illumination.

(d) Panel fully out of the im-
age, Earth background.

Figure 4: Some sample images taken from the dataset.

AI-BASED IMAGE PROCESSING DESIGN
The proposed dataset represents a new challenge for AI-based image processing, as state-of-the-art ap-

proaches are trained to identify keypoints starting from the whole shape. The variability of the shape model
adds new degrees of freedom to the learning problem. On top of this, network size is usually limited by
hardware constraints for space applications. In this section, we describe the approach to this neural network
design, trying to harmonize the need for a robust solution with low computational resources.

The image processing task is ultimately a pose estimation problem: regressing the relative position and
attitude of the target with respect to the camera using in-orbit taken images. Two main approaches exist for
this task:1 direct and indirect methods. Direct methods infer the pose from the image in a single network.
They are usually less explainable and more computationally demanding. However, some viable solutions
exist for space applications, such as those derived from CenterPose11 or EfficientPose12 architectures. The
most relevant example is SPN (Spacecraft Pose Network)13 for IOS. These approaches also see some use in
unknown target pose (and shape) estimation.14 However, accuracy of these methods is usually insufficient
for critical close-range navigation, as they tend to be less accurate than geometrical PnP calculations. On the
other hand, indirect methods divide the pose estimation task into a set of subtasks, which are simpler and
less computationally demanding. First, when distance validity requirements are higher, some works insert a
spacecraft detection task, where a dedicated algorithm (e.g. 15, 16) finds a region of interest containing the
target in the image. This step may be omitted to tackle the final close-range phases to envision deployability
on space-qualified hardware with a lighter solution. The main task of the indirect design is landmark re-
gression. Landmark regression consists of finding a pre-defined set of keypoints, matching them to a known
3D wireframe. This enables determination of 2D-3D correspondences that can feed a Perspective-n-Point
(PnP) algorithm, for instance, EPnP.17 Landmark regression is usually done as heatmap regression, meaning
that the network is trained on reproducing a set of activation maps modeled as Gaussian distributions with
the mean on the actual keypoint and a certain variance (tuned as a hyperparameter). The loss is usually the
mean squared error (MSE). Network size requirements for indirect methods are usually less stringent than for
direct ones. Many different architectures are possible. MobileNet-based18, 19 architectures represent the base-
line for simplicity and deployability.20 However, the EfficientNet backbone21 also shows good performance
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on benchmark datasets, especially in combination with a feature pyramid network as BiFPN22 for multi-scale
feature fusion.23 Other approaches implement transformer-based architectures24 to achieve global context
understanding by the self-attention mechanism. However, transformer models are usually more complex
and computationally demanding, with respect to convolutional neural networks, to be robustly embedded in
current hardware. In conclusion, although direct methods hold promise, indirect methods are usually more
accurate and robust, thanks to tasks separation, better explainability, and the PnP solid mathematical back-
ground. However, the performance of these methods depends on the accuracy of the target shape model. This
work aims exactly to tackle this point by assessing the robustness of indirect method design to target shape
variation. The proposed image processing solution is composed of a heatmap regression network that feeds

Full-labeling

Visibility-labeling

Heatmaps Keypoints Pose

Figure 5: Example of the inference process using a full-labeling and a visibility-labeling network. The pose
score is the SPEED score.6

a PnP bulked with RANSAC (RANdom SAmple Consensus) for outlier rejection. The network is trained on
the above-described dataset, aiming to network generalization with respect to moving appendages and mesh
perturbations. However, tiny neural networks as the ones used for onboard space implementations have lim-
ited generalization capabilities as they can only learn limited representations. To deal with this tradeoff, it is
important to reduce the complexity of the learned features, implying that the chosen keypoints should mostly
remain constant with the expected shape model changes. For these reasons, no keypoints are selected on the
solar panel, as its free movement coupled with its inherent symmetry would impact the network matching
performance. Hence, all keypoints are chosen in the hub which is also perturbed by the mesh modification
pipeline. This implies that not all keypoints are present in the modified model with respect to the base one.
Moreover, if present, they might be displaced or distorted by the deformation pipeline. Therefore, the network
could tackle this problem in a supervised learning framework by tailoring the labeling process. To do this, we
introduce the concept of keypoint visibility: each keypoint is associated with a feature blob, comprising a set
of vertices and faces of the mesh. Using rendering and pose information, the keypoint is flagged as visible
if its corresponding faces on the mesh appear on the image. Otherwise, it is considered cluttered. Note that
the keypoint is removed if its corresponding subset was removed in the shape perturbation process. A set
of fifteen landmarks is chosen on the model, covering salient features and corners. We implement a semi-
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Figure 6: Median values for keypoint root mean squared error and SPEED pose error6 for the first batch of
neural networks.

automated keypoint-choice process. First, given the target mesh, corners are identified to remove redundant
vertices. In this context, a corner vertex is defined as a vertex where the relative angle between its linked faces
is lower than a certain threshold. Then, a subset of corners is identified using farthest point sampling, to have
a uniform distribution of points on the body, starting from an anchor point chosen manually. Finally, those
points are then filtered by looking at the activation statistics of the output layer of a pretrained EfficientDet22

backbone in a small helper fixed-shape image dataset, to obtain the requested number of points.

With these chosen landmarks, we train a number of neural networks with different configurations. First,
models are trained from scratch on a slightly simpler version of the dataset presented in this article where
randomized models are not randomly coupled but they are sorted to have a tenth of the dataset for each pair
(hub and solar array). The aim of this first analysis is to extract a subset of top performing models and
configurations to then finetune on the fully randomized dataset. The baseline architecture design follows
a typical computer vision approach that stems from the SPNv223 archetype. Three different backbones of
similar sizes are chosen, such as MobileNetV2,19 EfficientNet-B021 and MSCAN-T.25 In addition to the two
former more classical backbones, MSCAN-T25 is selected for its light-weight attention-based architecture
featuring multi-scale convolutional attention. These backbones are combined with a BiFPN22 neck for state-
of-the-art multi-scale feature fusion. Three types of head configurations are considered, such as: heatmap-
only head, heatmap-segmentation head and heatmap-pose head (using the EfficientPose12 design). All models
take 512 × 512 pixel images, resized from 1024 × 1024, and output 512 × 512 heatmap activation maps or
segmentation mask. We introduce two types of labeling, using the visibility concept: a less restrictive “full-
labeling” approach which keeps all keypoints present in the employed mesh of the image (note: the perturbed
mesh might have some landmarks removed) and a stricter “visibility-labeling” approach, which also removes
keypoints which are not present on the image because they are occluded by the pose configuration. These
two labeling approaches represent two different training goals. The “full-labeling” approach orients training
towards model matching, aiming for a global interpolation of the target model in the image. This results
in extracting keypoints from images even when the intensity content is consistent with image noise using
global shape information. Conversely, the “visibility-labeling” approach tries to move towards local feature
understanding, detaching from the global fixed model. In principle, this could help the network to be more
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robust to shape variations, as the regression process would be less confident towards a fixed shape and more
attached to local contexts. Figure 5 compares the two methods in an example image. Finally, networks
are also trained with different heatmap label sizes (i.e., with a standard deviation of 2 pixels or 1 pixel) to
understand the performance when changing this hyperparameter. To assess the performance of the entire

Figure 7: Median values for keypoint root mean squared error and number of rejections for the first batch of
neural networks.

set of trained networks obtained by combining the aforementioned architectures, configurations, and training
approaches, we consider the mean and median keypoint pixel error, the SPEED pose error,6 and the number
of keypoints detected per image as the main performance indicators. The use of both mean and median aims
to understand the skewness of the error distribution, getting an insight on the number of outlier predictions
generated by the network. Figure 6 shows the median values for pose error and keypoint root mean square
error (RMSE) in the testing set, and Figure 7 also shows the number of rejections for PnP computation (i.e. the
number of images where less than five points are available for PnP). From these two types of results, keypoint
median accuracies are comparable. However, it can be observed that 1-pixel heatmap labeling typically
enables slightly more accurate keypoint inference, but results in a less robust solution due to higher rejection
rates, indicating a more challenging task. Moreover, full-labeling and visibility-labeling have comparable
median results at this stage, with a slight edge by the latter for precision and the opposite for number of
rejections. Finally, concerning network architectures, the MSCAN-T25 design shows the best performance
in all configurations, while head configurations provide comparable performance in the keypoint regression
task.

Secondly, we fine-tune the best-performing models of the first analysis on the final dataset to prune out
other candidates. Table 1 reports the mean and median performance in the test set for the best-performing
models, providing insight into the differences between the two labeling strategies. The full-labeling net-
works achieve higher accuracy in end-to-end pose estimation when combined with PnP and RANSAC-based
outlier rejection. However, by comparing mean and median values, visibility-labeling designs have a much
less skewed keypoint error distribution. In some way, visibility-labeling networks embed a sort of rejection
process, as they are less prone to making guesses on keypoint positions unsupported by direct image-related
cues. In general, they find fewer keypoints than full-labeling methods, but achieve higher accuracy. This
might provide insight on the selection of the training process for the keypoint extractor, also in vision of
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the IP-filter interface. In this perspective, we may consider either a loosely or a tightly coupled design.26

The former defers full pose computation to the image processing, using that as a high-level measurement in
the filter. The latter directly provides keypoints as measurements to the filter, to better exploit position and
rotation correlations within the estimation process. While full-labeling methods may be more suitable for
a loosely coupled design owing to their good synergy with PnP, visibility-labeling might be exploited in a
tightly coupled approach thanks to its less skewed keypoint error distribution (thus fulfilling Kalman filter-
ing Gaussianity hypothesis). To investigate this assumption, the networks with both labeling procedures are
analyzed in a Monte Carlo campaign with a tightly coupled approach in Section “Results”.

Table 1: Neural network performance results after fine-tuning.

Head Labeling
Heatmap
size [pix]

Pretrain
heatmap
size [pix]

Keypoints
RMSE

Rejections
(PnP)

Position
error [m]

Rotation
error [deg]

SPEED
score6

Segmentation
mIoU

Median values

H

Full 2 2 2.121 28 0.072 0.685 0.0167
1 2 2.059 103 0.070 0.654 0.0159

Visibility
2 2 2.267 434 0.120 1.098 0.0268
1 2 2.105 501 0.108 0.983 0.0241
1 1 2.209 975 0.128 1.145 0.0283

H+S

Full 2 2 2.171 41 0.077 0.721 0.0176 0.907

Visibility
2 2 2.223 329 0.116 1.043 0.0257 0.910
1 2 2.211 643 0.123 1.109 0.0271 0.928
1 1 2.252 1339 0.144 1.340 0.0327 0.928

Mean values

H

Full 2 2 15.917 28 0.136 1.025 0.0247
1 2 15.078 103 0.138 1.049 0.0254

Visibility
2 2 2.645 434 0.251 1.955 0.0471
1 2 2.454 501 0.283 2.299 0.0553
1 1 2.694 975 0.346 2.782 0.0669

H+S

Full 2 2 15.521 41 0.143 1.051 0.0254 0.894

Visibility
2 2 2.651 329 0.297 2.097 0.0541 0.896
1 2 2.554 643 0.357 2.369 0.0626 0.917
1 1 2.637 1339 0.413 3.242 0.0770 0.916

NAVIGATION FILTER

This section describes the second part of the pose estimation pipeline: the navigation filter. The filtering
function is crucial in the VBN design as it enables to refine the estimated pose in time, exploiting dynamics-
related priors of the close proximity operations scenario. Moreover, navigation filter complements pose
refinement with estimates of the pose derivatives, inaccessible otherwise. The solution we propose is an
EKF2 with an additive architecture for translational dynamics and a multiplicative approach for attitude (i.e.,
a MEKF2) to better represent each variable in the correct manifolds. The choice of an Extended filter with re-
spect to an Unscented version27, 28 is mainly driven by its overall lower computational burden, which is a cru-
cial requirement for close-proximity IOS applications. Most importantly, the main contribution of this work
lies in the inclusion of target model uncertainty in the navigation filter design through a Schmidt–Kalman
approach,3 ensuring filter consistency under variations in mass, CoM, and inertia.

The general propagation equations between the instants tk and tk+1 for the discrete-time EKF2 are the
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following: {
x−
k+1 = fk(x

+
k ,uk, tk)

P−
k+1 = Φ (tk+1, tk)P

+
k (Φ (tk+1, tk))

T
+Qk

(1)

where x is the state, Pk is the state covariance at time tk, Φ is the state transition matrix and Qk is the
discrete-time process noise matrix, which may be computed from the continuous-time matrix using analytical
or numerical integration.2 The update equations at time tk are the following:

x+
k = x−

k +Kk (zk − ẑk)

ẑk = h(x−
k )

P+
k = (I−KkHk)P

−
k

Kk = P−
k H

T
k

(
HkP

−
k H

T
k +Rk

)−1

(2)

where z is the measurement, ẑ is the estimated measurement through the measurement model function h,
H is the Jacobian of the measurement function, K is the Kalman gain, and R is the measurement noise
covariance.

These equations are valid for both the additive and the multiplicative design. However, the latter replaces
linear operations with rotation compositions using the chosen representation. For our case, the Modified
Rodriguez Parameters (MRP) are used, implying that summation and difference are performed in the MRP
space. It is worth noting that the MEKF propagates and updates the MRP error with respect to a reference
MRP. Therefore, the MEKF features a reset step, where the MRP error state is set to zero, when updat-
ing the reference MRP with the estimated MRP error. This prevents the rotational state from encountering
singularities and keeps its value close to zero, thereby easing the validity of linearization.

Furthermore, we exploit a Schmidt-Kalman architecture,3 to include uncertainties in the target shape model
(i.e., CoM and inertia matrix). The consider filter uses a set of parameters c with their corresponding un-
certainties to inflate the state covariance based on their correlations with the state. The new discrete-time
propagation equations become the following:3

xk+1 = fk (xk, c, tk)

P−
xx,k+1 = ΦkP

+
xx,kΦ

T
k +ΦkP

+
xc,kΨ

T
k +ΨkP

+
cx,kΦ

T
k +ΨkP

+
cc,kΨ

T
k +Qk

P−
xc,k+1 =

(
P−

xc,k+1

)T
= ΦkP

+
xc,k +ΨkP

+
cc,k

P−
cc,k+1 = P+

cc,k

(3)

where Φk = Φ (tk+1, tk), and Ψk = Ψ (tk+1, tk) is the state transition matrix associated with the consider

parameters. The state covariance is sectioned in four submatrices as follows P =

[
Pxx Pxc

Pcx Pcc

]
. Thus, the

update equations become:

x+
k = x−

k +Kk (zk − ẑk)

c+ = c−

ẑk = h(x−
k , c

−)

P+
xx,k = (I−KkHx,k)P

−
xx,k −KkHc,kP

−
cx,k

P+
xc,k = (I−KkHx,k)P

−
xc,k −KkHc,kP

−
cc,k

Kk =
(
P−

xx,kH
T
x,k +P−

xc,kH
T
c,k

)(
Hx,kP

−
xx,kH

T
x,k +Hx,kP

−
xc,kH

T
c,k+

+Hc,kP
−
cx,kH

T
x,k +Hc,kP

−
cc,kH

T
c,k +Rk

)−1

(4)

where the measurement Jacobian H is partitioned similarly to the state covariance P and the consider pa-
rameters c remain constant. Thanks to this approach, the filter aims to better model covariance evolution
during propagation and update, by tuning covariance inflation based on statistic priors about the target center
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P ′

T ′

Figure 8: Frames definitions used in the navigation filter.

of mass and inertia matrix. Stemming from this general formulation, the specialized equations are reported
hereunder.

In this section, we use the following notation:

• Points are indicated with lowercase characters, e.g., a, b

• Frames are indicated with uppercase calligraphic characters, e.g., A, B

• Ara/b, Ava/b respectively denote position and velocity of the point ”a” with respect to point ”b”
expressed in frame A

• qA/B, σA/B respectively denote quaternion and Modified Rodrigues Parameter (MRP) of the rotation
from frame B to frame A

• [AB] denotes the direction cosine matrix of the rotation from frame B to frame A

• AωA/B angular rate of frame A with respect to frame B expressed in frame A

•
[AJ] inertia matrix expressed in frame A

To model all these uncertainties, the filter uses a set of frames as shown in Figure 8. We identify three frames
on the chaser:

1. The C frame (origin: c): the geometric chaser frame, centered on its center of mass for simplicity

2. The L frame (origin: ℓ), i.e., the Local Vertical Local Horizontal (LVLH) frame for dynamics, centered
on the chaser CoM

3. The S frame (origin: s) centered in the camera location and having its boresight along the z-axis

Moreover, we identify on the target:
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1. The T frame (origin: t) denoting the geometric frame of the target, centered on the onboard center of
mass for simplicity

2. The T ′ frame (origin: t) denoting the current geometric frame of the Target, as represented by the
rotation parameter in the filter

3. The P frame (origin: p) aligned with the onboard available target principal axes and centered in its real
CoM

4. The P ′ frame (origin: p) aligned with the real target principal axes and centered in its real CoM.

Finally, the inertial frame is denoted as I (origin: i).

The navigation filter is parameterized using these frame definitions. The translational state uses the relative
Cartesian position and velocity of the target with respect to the chaser LVLH frame. Translation propagation
uses the well-known Clohessy-Wiltshire solution of the Hill equations29 with analytical state transition ma-
trices for state and covariance propagation. The rotational state uses the MRP error from the reference target
rotation. Therefore, the navigation state is the following:

x =


Lrp/ℓ
Lvp/ℓ

σT /T ′

T ωT /I
c

 (5)

where σT /T ′ is the MRP error and c are the consider parameters (i.e., CoM and inertia). Here, the MRP error
undergoes a reset by updating the reference attitude expressed with quaternions at each propagation with the
following relationship:30

q+
I/T = q−

I/T ⊗ δq
(
σT /T ′

)
, δq (σ) =

1

16 + ||σ||2

(
16− ||σ||2

8σ

)
(6)

This is standard practice in IOS applications (e.g., see Tweddle et al.,31 Crassidis et al.,28 and Park et al.32).
Attitude is propagated with a Runge-Kutta 4 scheme on the reference quaternion and the angular rate using
the following equations:

q̇I/T =
1

2
qI/T ⊗ T ωT /I (7)

T ω̇T /I = −
[T J]−1 (T ωT /I ×

[T J]T ωT /I
)

(8)

where
[T J] is the inertia matrix of the target in the target frame. We define this dynamics representation

approach as a “detailed” approach for rotation, where the filter uses a complete rotational model for smoother
propagation. This is opposed to an “agnostic” approach, which omits full dynamics to have a less computa-
tionally expensive solution and ignores any dependency with respect to the uncertain target. It is worth noting
that agnostic approach is reported in the paper for comparison as a possible filter design under shape-induced
uncertainty. The agnostic approach models the dynamics as:

T ω̇T /I = 03×1 (9)

As anticipated, consider parameters are used in the detailed approach to account for CoM and inertia errors.
We express the consider parameters’ vector c as:

c =

T rp/t
k

σP/P′

 (10)
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where T rp/t is the position of the target center of mass in the a priori target frame and σP/P′ is the MRP that
represents the unknown error from the true target principal reference frame to its a priori knowledge. Under
the assumption of small angular errors, it can be stated that[T P ′] = [T P] [PP ′] ≈ [T P]

(
I3×3 −

[
σP/P′

]
×

)
[T J] = [T P]

[PJ][PT ]
(11)

where [·]× is the skew operator associated with the cross product. Moreover, following Tweddle et al.,33 we
parameterize the normalized diagonal inertia matrix

[PJ] via the the inertia ratios vector k as follows:

[PJ] =
ek1 0 0

0 1 0

0 0 e−k2


k =

(
k1

k2

)
, k1 = ln

(
Jxx

Jyy

)
, k2 = ln

(
Jyy

Jzz

) (12)

Note that derivatives for the filter can be computed analytically from this formulation, but derivation is here
omitted for the sake of brevity.

While the inertia ratios and σP/P′ affect the state through Euler’s equation, the CoM does not directly
influence the dynamics, as it appears only in the measurement equations. As we employ a tightly coupled
scheme,26 the filter measurements are the keypoint locations detected by the IP:

z =
(
zT1 , ..., z

T
m

)T
= (u1, v1, ..., um, vm)

T (13)

where m is the number of keypoints. The projection equation is the following:

hzj = CSrj/s = C
(
[ST ] T rj/t +

Srt/s
)

(14)

where C is the intrinsic camera matrix and hzj is the keypoint location in homogeneous coordinates. Note
that non-homogeneous coordinates can be derived by simply dividing the two first components by the third.
This equation may be expressed as a function of the state as follows:

hzj = CSrj/s = C
(
[ST ] T rj/t +

Srt/s
)
= C

(
[ST ] T rj/t − [ST ] T rp/t + [SL] Lrp/s

)
= C

(
[SC] [CI] [IT ]

(T rj/t − T rp/t
)
+ [SL] Lrp/ℓ + Srℓ/s

) (15)

where rj/t is the position of the j-th landmark in the target wireframe. Recall that the state is present in
the rotation [IT ] and the position Lrp/ℓ. It should be noted that the CoM position biases the measurements
through T rp/t. To contain this bias, we include this parameter and its covariance in the Schmidt-Kalman3

framework, correlating it to the state through the update equation. Note that the aforementioned agnostic
approach does not include this parameter, but we contain this bias through measurement noise tuning. Finally,
we perform measurement editing using the Mahalanobis distance2 in the innovation term with a 5σ confidence
value.

RESULTS
In this section, we present the results with different image processing and filtering configurations in a

Monte Carlo campaign. In particular, we analyze two different image processing setups and two different
filter setups. Regarding image processing, we either use a full-labeling network followed by a PnP-based
RANSAC algorithm or a visibility-labeling network not followed by any RANSAC scheme. This choice is
made to support our claim that the visibility-labeling network already performs outlier rejection. It is worth
noting that, in operational VBN design, RANSAC could be included. The navigation filters are configured in
a detailed or in an agnostic setup, where the second is presented for performance comparison.
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(a) Position error (LVLH frame). (b) Velocity error (LVLH frame).

(c) Attitude [T I] error (Euler ZYX angles). (d) Angular rate T ωT /I error.

Figure 9: Monte Carlo results for the detailed pipeline with full-labeling network.
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(a) Position error (LVLH frame). (b) Velocity error (LVLH frame).

(c) Attitude [T I] error (Euler ZYX angles). (d) Angular rate T ωT /I error.

Figure 10: Monte Carlo results for the agnostic pipeline with full-labeling network.
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(a) Position error (LVLH frame). (b) Velocity error (LVLH frame).

(c) Attitude [T I] error (Euler ZYX angles). (d) Angular rate T ωT /I error.

Figure 11: Monte Carlo results for the detailed pipeline with visibility-labeling network.
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(a) Position error (LVLH frame). (b) Velocity error (LVLH frame).

(c) Attitude [T I] error (Euler ZYX angles). (d) Angular rate T ωT /I error.

Figure 12: Monte Carlo results for the agnostic pipeline with visibility-labeling network.
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Concerning the simulation scenario, we scatter around a base orbit of 500 km altitude. The chaser and the
target are in a baseline relative inspection orbit of relative orbital elements34 (0, 0, 15, 0, 20, 0)

T m. The
target tumbles without any control at angular rates up to 4 deg/s. The simulation propagates translation and
attitude including spherical harmonics, atmospheric drag, solar radiation pressure, Sun-Moon effects, gravity
gradient, and Earth magnetic field. The target is scattered in its inertial position, inertial attitude, mass, CoM,
and inertia. The Monte Carlo campaign counts 40 samples, each featuring a dedicated sequential dataset
generated with SpiCam7 and a different unseen perturbed target model with a randomly rotated solar panel.

We show the results of this analysis in terms of position and velocity errors for translation, and Euler
angles and angular rate errors for rotation in Figures 9, 10, 11, and 12. On the one hand, we compare the
two image processing setups. The full-labeling setup is shown in Figures 9 and 10, and the visibility-labeling
setup is shown in Figures 11 and 12. It can be observed that the 3σ accuracy is comparable between the
two approaches when using the same filter configuration. While the full-labeling approach seems to be more
robust when coupled with the RANSAC, the visibility-labeling pipeline still has overall stable performance
without introducing any outlier rejection. On the other hand, we assess the differences between the two
filter models. Figures 9 and 11 show the results for the detailed approach, while Figures 10 and 12 depict the
agnostic approach. The over-time average 3σ errors of the Monte Carlo simulation are shown in the following
Table 2. Ultimately, these results show that the agnostic filter proves to be less robust than the detailed one, as

Table 2: Average 3σ error values of the Monte Carlo simulation.

Network labeling Filter approach Position error [m] Attitude error [deg]

Full Detailed 0.213 1.656
Agnostic 0.455 2.404

Visibility Detailed 0.235 2.181
Agnostic 0.445 3.077

it struggles to contain the biases generated by unmodeled errors due to the uncertain target properties, which
impact the dynamics and the measurement uncertainty levels. Finally, concerning image processing designs,
the two setups have similar performance, outlining the embedded outlier rejection capability of the visibility-
labeling network, which maintains performance without any appended outlier rejection scheme. RANSAC
may still be applied to the visibility-labeling image processing to improve performance. Overall, the use of
visibility labeling may inform a more outlier-robust design at network level, while increasing the Gaussianity
of the keypoints pixel error.

CONCLUSION
This article presented the results of the study of an AI-aided pose estimation pipeline for a close-proximity

non-cooperative scenario with a partially known target. This study required a rethinking of the entire algo-
rithm design. First, we created a novel training dataset accounting for shape variability, to help the network
generalize to unseen models. Second, we tailored the image processing design by performing a trade-off
between a full-labeling and a visibility-based labeling scheme for supervised training. Third, we developed a
navigation filter that accounts for target uncertainties in its dynamical modeling. Finally, we tested those ap-
proaches in an image-generation-in-the-loop Monte Carlo campaign of an inspection of a tumbling spacecraft.
The results underline the trade-off between the various image processing and filtering configurations. The de-
tailed approach shows better smoothing in uncertainty estimation with respect to the agnostic approach, and
the two labeling approaches show comparable performance, with the visibility-based one showing promise
for its embedded outlier rejection capability and overall keypoint error distribution.
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