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Abstract — Vision-based navigation is critical for
autonomous spacecraft operations, and while
standard deep learning methods are proving
exceptional perception capabilities, their lack of
interpretability and uncertainty quantification poses
significant limitation to their utilization. To address
this limitation, this paper presents a novel Deep
Kernel Learning (DKL) architecture that merges the
representational power of convolutional encoders
with the rigorous statistical framework of Gaussian
Processes. The proposed pipeline jointly estimates
the relative Line-of-Sight (LOS) and monocular
range to an uncooperative target (Envisat) from a
single image, explicitly regressing both aleatoric and
epistemic uncertainties. Experimental validation
demonstrates that the network effectively quantifies
epistemic  predictive confidence, successfully
conditioning its latent space to separate informative
data from degraded inputs, while maintaining
generalizability to real laboratory images. The
effectiveness of the uncertainty quantification is
validated through its integration into a navigation
filter. The results demonstrate a robust capability to
mitigate the impact of visual degradations, such as
solar flares, while concurrently highlighting the
critical need to transition toward a heteroscedastic
noise model.

I. INTRODUCTION

The rapid development of deep learning has profoundly
transformed image analysis in various domains. In
particular, convolutional neural networks (CNNs)
allowed images to be encoded into an informative set of
latent variables that capture hierarchical spatial and
semantic features, enabling robust performance in tasks
such as object recognition, image segmentation, and
scene understanding. Despite their success, CNNs, and
deep learning more broadly, share the limitation of
providing only a point estimate without reliable
measures of predictive uncertainty. This shortcoming is
particularly critical in the domain of spacecraft
proximity operations, a safety-critical scenario in an
operational environment that cannot be faithfully
reproduced on the ground for training or testing. In such
settings, it is essential to quantify the epistemic
uncertainty of the model to detect when it encounters
input outside of its training distribution, allowing a safer
and more reliable deployment [1]. Moreover, estimating

the uncertainty of computer vision measurements is
fundamental when such estimates are later fused into a
navigation filter. In this context, the measurement noise
covariance matrix transitions from being arbitrarily set
to becoming adaptive, leading to more reliable state
estimation.

For the interested reader, a review of uncertainty
quantification methods in deep learning can be found in
[2,3]. Uncertainty in deep learning is commonly
quantified through Bayesian approaches. Bayesian
Neural Networks (BNNs) provide a principled
framework by placing distributions over network
weights, though they are often computationally
expensive in practice. To address this, approximate
methods such as Monte Carlo (MC) dropout offer a
scalable Bayesian alternative, while deep ensembles
serve as a strong non-Bayesian approach.

Although deep ensembles are expected to provide more
consistent results [4], both methods suffer the additional
computational cost of multiple forward passes.

An alternative class of probabilistic models are Gaussian
Processes (GPs), which provide a principled framework
for capturing both predictive mean and uncertainty,
specified by the mean function and kernel respectively
[5]. These models demonstrated the ability to quantify
uncertainty in intrinsically epistemic incomplete
scenarios such as intermittent time series analysis [6].
However, a single-layer GP with a fixed kernel may lack
the representational power to effectively model
complex, hierarchical data structures. To increase this
representational power, Deep Gaussian Processes
(DGPs) were proposed, creating a hierarchical, deep
structure inspired by deep neural networks. The
limitation of GPs and DGPs is their cubic scaling, or
0(n3), with the number of training data points n,
making them impractical for large-scale applications
such as real time visual perception. This computational
bottleneck motivates a different approach: Deep Kernel
Learning (DKL) [7]. DKL is a hybrid model that
combines the feature extraction power of a deep neural
network with the probabilistic framework of a Gaussian
Process. The neural network acts as a deep kernel to
transform raw data into a compact, meaningful
representation. A standard GP is then applied to these
learned features.

GPs and DKL have shown promise in predicting system
behaviour with quantified uncertainty. In the mobility
systems domain, existing work has largely focused on
guidance and control, including optimal control
prediction [8], multi-agent safe planning [9], and vehicle
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Fig. 1. Proposed network architecture

dynamics estimation [10]. To the best of the authors’
knowledge, DKL has not yet been applied to spacecraft
optical navigation. Relevant applications of DKL for
uncertainty quantification in image-based tasks are in
medical imaging [11,12].

This paper applies Deep Kernel Learning (DKL) to
spacecraft computer vision, focusing on close-proximity
operations with a known target. The proposed
architecture estimates line-of-sight and range from
single monocular images while explicitly quantifying
uncertainty in unseen scenarios. The study highlights
both the benefits of DKL for uncertainty-aware
perception and the current limitations that remain to be
addressed.

II. ARCHITECTURE

A DKL architecture is composed of a feature encoder, a
convolution encoder for the computer vision case,
followed by a GP layer, whose structure is reported in

Eq. (1).
f(x) ~ GP(m(x), k(x,x") Q)

In this formulation, m(-) is the mean function, k(")
the kernel, and x the latent feature output of the
encoder.

For exact GP models, the computational bottleneck is
the computation of the inverse of the covariance matrix
of the input, which scales cubically with the size of the
training set n.

To overcome this limitation, the stochastic variational
DKL formulation was introduced in [13], leveraging a
set of learnable inducing points z of dimensionality
m <« n to summarize the training set and reduce the
computational complexity to O(nm?).

The inducing points serve both to make the GP tractable
and to regularize the model by constraining the
variational posterior to remain close to the GP prior.
The objective function for training is the maximization
of the Evidence Lower Bound (ELBO), defined in
Eq.(2), where y are the training targets, f the latent
function values, and u the inducing variables (i.e., f (2)).

Lgipo = [Eq(f)[Ing(y [ f)]=KL(q(w) I p(w)) 2

In Eq. (2) the first term, i.e. the log-likelihood, is
representative of the performance of the mean function
in estimating the observable values, while the second
term, the Kullback-Leibler (KL) divergence between the
prior and posterior variational distribution, acts as a
regularization term.

A major limitation of standard DKL models is their
tendency to become overconfident when presented with
out-of-distribution (OOD) inputs, leading to posterior
variances that underestimate true uncertainty. This is
partially due to the pathological behaviour of DKL itself
[14]. This pathological behaviour is driven by the high
representational power of the neural network encoder,
which, if the KL regularization term is not effective
enough, learns a degenerate feature map. This can
manifest as either a latent space collapse, where the
training data are projected into a very small, dense
region, or as a sparse latent space, where many
dimensions are near zero for a given input. Both
scenarios result in a latent space that is no longer
informative of the original image, making it useless for
understanding OOD samples and leading to a complete
breakdown of the model's uncertainty quantification.
This problem was mitigated in the proposed work
through the design of the network itself, through training
and pre-training techniques and latent-space structuring
losses.

To wvalidate the robustness of this proposed
methodology, a DKL network designed for the
estimation of line-of-sight (LOS) and range of an
artificial spacecraft is presented as a representative task
for vision perception applied to spacecraft vision-based
navigation.

The first component of the model is a convolutional
encoder, specifically a ResNet-18 [15], chosen for its
favourable trade-off between model size and
performance.

Although prior work [16] has shown that Gaussian
processes can handle high-dimensional inputs, their
practical performance is typically limited to input
dimensions on the order of a few hundred, significantly
lower than the dimensionality of the last layer of
ResNet-18. To address this, the output of the
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Fig. 2. Example of training batches for positive and negative anchors

convolutional encoder is first passed through to two
fully connected layer to reduce the dimensionality to 16
features (see Fig.1). The choice of 16 dimensions
represents a balance between preserving sufficient
representational capacity and preventing the GP from
operating on excessively high-dimensional inputs,
which could degrade training or overfit the data. Finally,
the last layer of the dense network serves as the input to
three independent GPs. Spectral normalization is added
to the intermediate dense layers for regularization.
Each GP employs a Gaussian likelihood, a constant
mean function, and a Matérn kernel (v = 5/2) over 512
inducing points. Unlike the standard Radial Basis
Function (RBF), the Matérn kernel features heavier tails.
This property allows a smoother uncertainty gradient for
out-of-distribution samples.

ITII. TRAINING

The network training consists of two stages: first, a pre-
training of the encoder where the GP head is temporarily
replaced by an additional dense layer, and second, the
training of the full DKL architecture utilizing the pre-
trained encoder. This decoupled approach is
implemented to ensure that the GP operates on an
already structured embedding space, since the joint
optimization of a highly parameterized convolutional
encoder and the covariance hyperparameters of a
Gaussian Process from scratch often leads to severe
gradient instability. This section presents the dataset
used for the training process, as well as the losses and
most relevant hyperparameters.

A. Training dataset

The dataset used for both the pre-training and training of
the network consists in 10.000 RGB images of the
Envisat space debris, rendered with the Blender-based
rendering environment available in the Astra research
group [17]. The dataset covers a camera to target
distance ranging from 40 to 200 m and a phase angle
from 20 to 90 degrees. The images are rendered with a

background realistic for a LEO (Low Earth Orbit)
orbiting satellite, such as the Earth and a stellar field.
While the original dataset consists of images rendered at
960 x 960 pixels with a focal length of 1182 pixels, all
inputs were resized to a resolution of 448 X 448 pixels
before being fed into the network to reduce
computational overhead during training. Both to
overcome the limited number of images in the dataset,
and to avoid overfitting to the specific rendering output,
limiting the generalization to real images, several
augmentations were included during the training. Only
geometry preserving augmentations where added, such
as grayscale conversion, colour jittering, random
inversion, solarization, and posterization (Fig. 2).
Furthermore, optical degradations like Gaussian blur
and sharpness adjustments were introduced, alongside
the injection of standard Gaussian, spatially correlated
pink, and salt-and-pepper noise.

B.  Encoder pre-training

For the pretraining the GP head is temporarily
substituted with a dense layer that maps the 16-
dimensional latent space into the three outputs of the
network: normalized centre of mass position on the
image and range in kilometres, in order for the inputs to
be in the range from 0 to 1. The loss during the pre-
training is composed of three contributions. Firstly, the
Mean Square Error (MSE) with respect to the ground
truth LOS and range is considered, so to have the
encoder parameters learn a representation apt to the task
that it must learn.

More interestingly, two additional loss functions are
employed to explicitly structure the latent
representation. Specifically, contrastive learning is
implemented, as proposed in [12], to enforce a clear
separation between two distinct manifolds: one mapping
in-distribution images, where the target geometry is
structurally visible, and another mapping out-of-
distribution (OOD) regions where the target is severely
degraded or completely absent. This spatial separation is
of paramount importance to allow the downstream GP
head to flag images where the target is not clearly
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identifiable, thereby increasing epistemic uncertainty
and preventing latent space collapse.

However, the main risk with this method is inadvertently
training the network to become a highly specific
classifier for background features or visual artifacts,
rather than a general geometric detector. To prevent the
encoder from simply memorizing a specific type of
negative anchor, the selection was designed to be as
general as possible, focusing on the fundamental
contrast between geometric presence and absence. For
this reason, the negative dataset encompasses a wide
structural variety, including inputs with extreme levels
of noise and blur, elastic transformations, completely
empty rendered scenes, real Earth observation imagery
[18], and complex terrestrial backgrounds sampled from
the COCO dataset [19], as shown in Fig. 2.

Since the prior of the GP head is a zero-mean Gaussian
distribution, the encoder pre-training must provide an
initial condition that approximates this topology. Failing
to do so would result in an initial KL divergence penalty
so severe that it would immediately destabilize the GP's
covariance optimization, leading to the gradient
instability issues previously discussed. For this reason,
the third loss contribution is the SigReg loss [20], which,
although not enforcing gaussianity, explicitly bounds
and regularizes the variance of the latent embeddings,
preventing the feature space from either collapsing into
a single dense point or expanding unboundedly.

The pre-training phase is optimized using a learning rate
of le-5, which undergoes a step decay by a factor of 0.5
every 30 epochs. To prevent the contrastive loss
gradients from dominating the optimization process, a
scaling factor of 0.2 is applied. The evolution of the
training and validation losses is illustrated in Fig.3.

All objective components converge stably, with the
contrastive penalty exhibiting the sharpest relative
decline. Although the Mean Squared Error (MSE)
plateaus near 0.1, indicating coarse line-of-sight and
range estimations, this is considered acceptable. The
objective of pretraining is strictly the geometric
conditioning of the latent space, rather than high-fidelity
spatial regression.

C. DKL training

In the second stage of training, the temporary dense
layer is discarded, and the three independent GP heads
(one per output) are attached to the 16-dimensional
bottleneck of the pre-trained encoder. The entire
architecture is then fine-tuned end-to-end by
maximizing the ELBO. The ELBO objective inherently
balances two critical terms: the expected log-likelihood,
which minimizes the predictive regression error, and the
KL divergence, which regularizes the variational
distribution against the GP's exact prior. To ensure the
network maintains its structural representation and
preserves the capability to identify OOD inputs during
this fine-tuning phase, the contrastive loss is maintained
alongside the ELBO, with a reduced weighting factor.
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Fig. 3. Pre-training losses

To prevent this auxiliary loss from interfering with the
GP covariance optimization, the repulsion mechanism is
transitioned from a quadratic penalty to a linear ReLU
activation. The spatial locations of the inducing points
are initialized by sampling the latent feature distribution
generated during the final epoch of pretraining. To
optimize the end-to-end architecture, a differential
learning rate strategy is implemented: the GP parameters
are trained at a learning rate of le-3, the inducing point
locations at le-2, and the pre-trained convolutional
encoder is strictly constrained to le-5. This approach
permits the rapid spatial repositioning of the inducing
points across the evolving latent while preventing high
gradients from disrupting the structural representations
already learned by the encoder. Fig.4 illustrates the
convergence profiles of both the ELBO objective and
the Mean Absolute Error (MAE) across the three target
outputs during training and validation. As detailed in
Tab.1, the architecture achieves an average spatial
regression error of 10 pixels across both image-plane
dimensions, alongside a range estimation error of 7
meters. Towards the last training epochs, overfitting
symptoms are observable, which are contained by the
early stopping condition.

IV. RESULTS AND DISCUSSION

To wvalidate the performance of the proposed
methodology, the experimental campaign is structured
into three primary analyses. Initially, the geometric
conditioning of the network's internal representation is
investigated. Secondly, the challenge of the sim-to-real
domain gap is addressed. This analysis is particularly
crucial since if the constraints between positive and
negative anchors are not correctly framed, the risk of
under-confidence when the network encounters out-of-
distribution real imagery is significant. Finally, the
complete architecture is evaluated within a closed-loop
navigation scenario.
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A. Latent space dynamics

To investigate whether the internal representation of the
DKL model respects the conditions imposed during
training, the proposed method is compared against a
baseline architecture trained only with the MSE loss.
Specifically, a reference image is gradually degraded
and passed through both trained encoders. Two types of
degradation are analysed: the application of random
Gaussian noise (with a standard deviation ranging from
0 to 0.5) and the simulation of a reflective flare of
increasing intensity, shown in Fig. 5.

For both degradation processes, the L2 distance of the
resulting embedding is plotted in Fig.5, alongside the
boundary containing the in-distribution (ID) training
inputs. When using only the MSE loss, the feature
collapse described in Section II is clearly visible; the
encoder projects all inputs into the same constrained
region of the embedded space. Consequently, heavily
degraded images remain tightly grouped with valid
images, making it impossible for the covariance kernel
to identify them as OOD.

In contrast, the proposed training architecture forces
degraded images to move into distant regions of the
embedding space, correctly triggering an increase in
epistemic uncertainty. As shown in the figure, the noise
degradation, which is a condition seen during training,
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is pushed to an L2 distance of 4 from the ID manifold,
consistent with the contrastive margin imposed during
training. The flare degradation, which represents a
completely novel scenario for the network, is also
successfully pushed outside the ID bounds, although
with a lower magnitude. This demonstrates the
capability of the proposed DKL framework to recognize
unseen OOD scenarios by relying purely on the learned
geometry of the target space. The same conclusions can
be drawn from Fig.5, which visualizes the latent space
projected into two dimensions via Principal Component
Analysis (PCA). The plot clearly demonstrates that the
ID and out-of-distribution OOD data occupy two
distinct, separable regions. Furthermore, as the
degradation is progressively applied, the embedded
position of the reference image is driven outward from
the ID boundaries directly into the OOD region.

B.  Sim-to-Real generalization

To verify that the DKL model does not overestimate
uncertainty when processing real images, which contain
actual camera noise and optical distortions that
complicate the sim-to-real domain gap in spacecraft
vision-based navigation, the architecture was tested on
images captured in the Argos laboratory of the Astra
research group [21].
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Fig. 5. Latent space L2 distance of the degraded images (left), degraded images position in the PCA-reduced
latent space (right)

30" International Symposium on Space Flight Dynamics

1 - 5 June 2026, Toulouse, France.



MAE Inferred Aleatoric Std. Dev. Inferred Epistemic Std. Dev.

U (px) | V (px) | Range (m) | U (px) |V (px) | Range (m) | U (px) | V (px) | Range (m)
Validation 10.1 6.7 7.35 29.8 29.8 19.1] 1248 11.5 10.66
Lab images 4.6 4.7 17.9 29.8 29.8 19.1 11.5 11.5 10.45

Tab. 1. MAE and inferred uncertainties for the validation set and the real laboratory images

An initial set of 50 images of the Envisat mock-up was
acquired using a FLIR Chameleon imager. Because
range estimation strictly depends on camera geometry,
these images were first modified to match the intrinsic
camera matrix of the training set. They were then
augmented through rotation, translation, and scaling to
generate a final dataset of 200 images, covering the same
40 to 200-meter operational range as the training data.
An example of a laboratory image, along with its
annotated estimations, is presented in Fig. 6. Finally, the
performance in terms of Mean Absolute Error (MAE),
alongside the estimated aleatoric and epistemic
uncertainties, is compared between the synthetic
validation set and the real images, with the normalized
coordinates denormalized onto the original 960 X 960
images for the LOS and into meters for the range.

Range GT: 161.3 m
Range Est: 178.5 = 21.8 m

Fig. 6. Real laboratory image with annotated
estimations

From an uncertainty perspective, the aleatoric variance
remains identical across both the synthetic validation set
and the real laboratory images. This is an expected as
the current DKL framework employs a homoscedastic
likelihood function that learns a global, input-
independent observational noise parameter.

Regarding the epistemic uncertainty, the variations
between the two domains are negligible. This indicates
that the network does not treat the real-world sensor
noise as an anomaly; rather, the encoder maps the
physical laboratory images into the in-distribution ID
region.

Interestingly, the MAE exhibits contrasting behavior
across the state variables. The error for the Line-of-Sight
(LOS) estimation (U, V) decreases on the real images,
whereas the range estimation error significantly
increases (from 7.35 m to 17.9 m). This divergence can

be attributed to the specific conditions of the
experimental setup. The improved LOS accuracy is
likely a result of the controlled laboratory environment,
where the uniform dark background and a restricted
range of relative attitudes and illumination angles
simplify feature extraction. The degradation in range
accuracy highlights the sensitivity of monocular depth
estimation. Because range relies entirely on apparent
scale, even minor facility calibration errors, unmodeled
optical distortions, or slight mismatches in the intrinsic
camera matrix can degrade the depth estimation while
leaving the 2D projected centroid (U,V) largely
unaffected.

C. Uncertainty aware navigation filtering

Finally, the outputs of the neural network are evaluated
within a navigation pipeline employing an Extended
Kalman Filter (EKF). To establish an accurate ground-
truth dynamic model, the relative trajectory was
constructed by independently propagating the absolute
orbits of the target and the chaser using Orekit [22],
coupled with a custom attitude propagator. This
reference trajectory dictated the relative camera poses
used to render the synthetic 50000 image sequence at 0.1
Hz. To mitigate the domain gap inherent to perfectly
rendered graphics, post-processing was applied to the
images, including artificial blur and Gaussian noise (¢ =
0.05) across all RGB channels. Furthermore, to
rigorously test the filter's robustness, three specific
adverse scenarios were injected into the trajectory: a
period of amplified sensor noise from 1100 s to 1350 s,
a simulated reflective flare from 3650 s to 3850 s, and a
simulated loss of attitude tracking at 2500 s, which
forces the target completely outside the camera's Field
of View (FOV).

Fig. 7 illustrates the absolute error between the ground-
truth measurements and the network's predictions,
alongside the corresponding aleatoric and epistemic
uncertainty contributions for both the Line-of-Sight
(LOS) and range. Notably, the epistemic uncertainty
correctly increases when the network encounters the
three targeted degradation events along the trajectory.
Furthermore, the aleatoric uncertainty demonstrates
good calibration for the two LOS parameters.

On the other hand, the predictive uncertainty for the
range is consistently underestimated. This discrepancy
is partially due to the inherent difficulty of single-image
depth estimation, but it primarily highlights a major
limitation in the current architecture, i.e., the use of a
homoscedastic likelihood model for a task with strictly
input-dependent uncertainty. Because the spatial
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sensitivity of monocular cameras naturally degrades at
further distances, the true observational noise is
heteroscedastic. By enforcing a globally constant noise
parameter, the homoscedastic model inevitably fails to
capture the growing uncertainty at larger ranges, while
overestimating the uncertainty at lower distances.
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Fig. 7. DKL measurements with estimated
uncertainty

The spatial measurements extracted by the DKL
network are subsequently fused within the EKF. The
filter's internal propagation relies on the classical
Clohessy-Wiltshire (C-W) relative motion equations
[23]. The process noise covariance matrix is
parameterized as diagonal, with constant variances of
le-4 and le-6 for the position and velocity states,
respectively. The measurement noise covariance matrix
is dynamically updated at each temporal step utilizing
the predictive variances output by the DKL model.

To account for the underconfidence of the monocular
range estimation detailed previously, the DKL-derived
range variance is conservatively inflated by a factor of
3. Furthermore, a gating mechanism is introduced:
incoming measurements are entirely discarded if the
predicted epistemic uncertainty exceeds the 3¢ bound of
the corresponding aleatoric uncertainty. This specific
condition serves as a threshold for identifying and
isolating severely OOD or visually degraded inputs. The
resulting absolute state errors, alongside the filter's
estimated 3o covariance bounds for the relative position
in the Hill frame, are presented in Fig. 8.

The filter successfully converges, although it exhibits a

significant periodic error caused by range estimation
inaccuracies and the elliptical shape of the relative orbit.
Because the range is unobservable in the ballistic CW
equations when relying solely on LOS measurements,
the filter cannot damp the intrinsic range measurement
error, functioning primarily as a low-pass filter.
However, the positive impact of the epistemic
covariance is demonstrated: during periods of visual
degradation, there is a corresponding spike in the
measurement noise covariance. This allows the filter to
rely heavily on the dynamic model when the visual
measurements are untrustworthy, significantly reducing
the impact of faulty data on the final state estimation.
The computational time for the processing of DKL
remains bounded below 8 milliseconds on an RTX 4060
laptop GPU.
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covariance

V. CONCLUSIONS

This paper presents a Deep Kernel Learning architecture
that leverages the principled statistical framework of
Gaussian Processes, coupled with the representational
power of a convolutional encoder, to provide aleatoric
and epistemic uncertainty quantification for vision-
based perception in the context of spacecraft relative
navigation. The proposed solution explores different
training techniques that successfully condition the latent
embedding of the input images, separating informative
data from degraded inputs. The architecture is evaluated
on the problem of estimating the Line-of-Sight (LOS)
and range to the Envisat spacecraft from a single image.
The conducted tests demonstrated the network's
capability to estimate epistemic uncertainty when faced
with unseen and degraded visual conditions, improving
the overall robustness of the navigation pipeline while
maintaining good generalization to non-synthetic
images unseen during training. Nevertheless, the current
architecture is limited by its use of a homoscedastic

30" International Symposium on Space Flight Dynamics

1 - 5 June 2026, Toulouse, France.



likelihood model, which significantly affects the
aleatoric uncertainty estimation of the range regression
task. Future work will primarily focus on transitioning
toward a heteroscedastic noise model, as well as
expanding the test setup and scenarios to assess the
robustness of the proposed method.
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