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ADVANCING SPACECRAFT AUTONOMY FOR
INTERPLANETARY TRANSFERS: OUTCOMES FROM THE

EXTREMA PROJECT

Paolo Panicucci*, Fabio Ornati†, Eleonora Andreis‡, Andrea Pizzetti§, and
Francesco Topputo¶

The increasing number of interplanetary spacecraft challenges the traditional re-
liance on the Deep-Space Network, which is costly and limited in capacity. The
ERC-funded EXTREMA project pioneers a fully autonomous vision-based naviga-
tion (VBN) solution that allows spacecraft to determine their state using only plan-
etary observations. This talk will showcase the validation and verification ecosys-
tem developed to raise the VBN technology to TRL 3, including software-, model-,
and hardware-in-the-loop simulations with real hardware and open-sky testing. This
work presents insights into the navigation chain, testbed design and calibration, and
outcomes that pave the way toward scalable autonomous deep-space missions.

INTRODUCTION

The space sector is undergoing a profound transformation driven by the rapid expansion of the
new space economy, which is enabling an unprecedented number of deep-space missions.1 The
widespread adoption of CubeSats and small interplanetary probes has substantially lowered devel-
opment costs and shortened development timelines compared to conventional spacecraft, effectively
broadening access to space.2, 3 At the same time, this growth is placing severe pressure on ground-
based navigation infrastructures such as the Deep Space Network (DSN) and ESTRACK. Current
operational concepts rely primarily on radiometric tracking, which provides excellent accuracy, with
position errors typically below the meter level and velocity errors on the order of millimeters per
second.4 However, this approach is costly and does not scale well with the increasing number of
missions. These factors highlight the need for a paradigm shift toward spacecraft capable of au-
tonomous Guidance, Navigation, and Control (GNC).5

Among the various solutions proposed to achieve autonomy, including X-ray pulsar navigation6, 7

and one-way radiometric techniques,8, 9 Vision-Based Navigation (VBN) has emerged as a partic-
ularly attractive option for small, resource-limited platforms. Although pulsar-based methods can
achieve high accuracy even at astronomical distances,10 they require large and power-hungry detec-
tors that are incompatible with the constraints of miniaturized spacecraft. In contrast, VBN lever-
ages compact, low-power optical sensors to measure line-of-sight (LoS) directions toward celestial
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objects, enabling navigation without continuous ground support. A key advantage of VBN is its
applicability across a wide range of mission phases, including interplanetary cruise,11–14 medium-
range operations,15–17 and close-proximity or landing scenarios.18–20 In deep-space applications,
VBN typically processes images of unresolved bodies to extract centroids, which are converted into
inertial directions using attitude knowledge and then fused within sequential estimators, commonly
Extended Kalman Filters.12, 13, 21, 22 While this approach generally yields lower accuracy than ra-
diometric tracking, with position uncertainties reaching several thousand kilometers during cruise,
its flexibility, reduced operational cost, and maturity have made it the reference solution for au-
tonomous navigation.
Despite significant theoretical progress, demonstrating operational robustness remains a major chal-
lenge. The validation and verification (V&V) of VBN algorithms are essential to close the gap
between simulation and flight conditions,23, 24 particularly given the limited availability of repre-
sentative deep-space image datasets. Software-in-the-loop simulations based on rendering engines
provide an initial assessment but often neglect sensor-specific effects such as saturation, blooming,
non-ideal noise, and electronic delays.25, 26 Consequently, comprehensive V&V campaigns must
also address computational performance on representative hardware and assess algorithm robust-
ness under realistic, non-Gaussian measurement conditions.
This paper presents the V&V framework developed within the EXTREMA project27 to support
reliable autonomous VBN in deep space. The proposed architecture combines a dedicated image-
processing pipeline with a tightly coupled Extended Kalman Filter that directly exploits pixel-level
measurements and accounts for effects such as light-time delay and relativistic aberration. A mul-
tilevel validation strategy is adopted, integrating high-fidelity software simulations with hardware-
in-the-loop experiments using real optical sensors and onboard-class processors. The framework
relies on a coherent rendering and optical stimulation chain designed to ensure both geometric
and radiometric consistency.28, 29 Results for an Earth-to-Mars transfer demonstrate position errors
below about 1,000 km and velocity errors under 0.5 m/s (3σ) in software-in-the-loop tests, with
bounded performance degradation in hardware-in-the-loop conditions. Additional open-sky exper-
iments further confirm the robustness of the image-processing chain under realistic environmental
and sensing conditions, supporting the viability of VBN as a scalable alternative to ground-based
deep-space navigation.

VALIDATION PHILOSOPHY

The V&V strategy adopted for the EXTREMA navigation framework is based on a progressive
validation philosophy aimed at enabling a smooth transition of VBN algorithms from theoretical
development to flight-representative deployment.
The validation process targets the two main components of a VBN system: the image processing
(IP) chain and the navigation filter. The IP module extracts optical observables from raw camera
images, such as planetary centroids or inertial LoSes.13, 21, 22 These observables are then processed
by the navigation filter to estimate the spacecraft state. Both components must ultimately operate
on onboard processors with limited computational resources, meeting strict constraints in terms of
execution time, memory usage, and latency.
Validating optical observable generation is particularly challenging due to the intrinsic complexity
of imaging sensors. Cameras transform incoming light into digital images through a chain involving
optics, detectors, and electronics, each introducing non-negligible distortions and noise sources.30

Unlike scalar measurements, image-based observables rely on spatial correlations among pixels,
meaning that any synthetic image generation must preserve both the geometric structure of the scene
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and the underlying radiometric properties of light transport. This makes faithful image synthesis and
emulation a critical and non-trivial aspect of VBN validation.
To address these challenges, the validation strategy follows an incremental approach with increasing
realism. The process starts from idealized simulations in which the navigation filter is driven directly
by synthetic measurements, bypassing the IP chain. It then progresses to high-fidelity simulations
based on rendered images, enabling the assessment of IP robustness and the statistical properties
of its outputs when interfaced with the filter. Finally, to account for unmodeled hardware effects
and reduce the gap between synthetic and real data, hardware-in-the-loop testing is employed. In
this setup, optical stimulators inject light into a real camera, whose images are processed end-to-
end by the VBN pipeline. A key aspect of this approach is the co-design of the rendering engine
and the optical stimulator, developed to ensure consistency between simulated scenes and physical
stimulation, as discussed in Section Referencessec:codesign.
The overall verification roadmap is organized as a hierarchical pipeline to progressively increase the
Technology Readiness Level (TRL):

• Model-in-the-Loop (MIL): Algorithm development and theoretical validation using numer-
ical simulations with synthetic measurements and rendered images.

• Software-in-the-Loop (SIL): Implementation of the algorithms in flight-representative soft-
ware to verify consistency with the MIL models.

• Processor-in-the-Loop (PIL): Execution of the compiled software on representative onboard
processors to assess timing, latency, and memory constraints.

• Hardware-in-the-Loop (HIL): Integration of real optical sensors and processing hardware,
stimulated by dynamically rendered scenes, to capture complex hardware effects such as sat-
uration, blooming, electronic noise, and optical aberrations. A conceptual overview of the
HIL setup is shown in Figure 1.
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Figure 1: Functional sketch of the integrated HIL test (reproduced from27).
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Figure 2: Functional block diagram of the renderer dual configuration

In addition to laboratory-based validation, the image processing chain was also evaluated through
open-sky experiments in the Alpine region, allowing performance assessment using real celestial
scenes without relying on the rendering engine.

HIGH-FIDELITY RENDERING ENGINE AND VALIDATION

Overview of the Rendering Tool

Accurate image reproduction is critical for validating autonomous VBN in deep space, where all
celestial bodies appear unresolved as point-like sources. This differs from other navigation regimes,
where bodies are spatially resolved and standard raytracing or rasterization tools are required.30–33

To address the specific needs of deep-space navigation, a dedicated C++ rendering engine was devel-
oped. The engine operates as a TCP-server application orchestrating the SkySimulator, which han-
dles both simulation logic and image visualization for HIL testing. A ”Dual Pipeline” configuration
(see Figure 2) ensures consistent geometry computations while branching the final image forma-
tion according to the simulation mode: fully synthetic generation or HIL-compatible image output.
Details on co-design with optical stimulators are provided in Section Referencessec:codesign.

Synthetic Generation

For software-based simulations (i.e., MIL, SIL, PIL), the engine functions as a high-fidelity dig-
ital twin of the flight camera, producing physically consistent synthetic images. Inputs include
spacecraft trajectories from the SPESI simulator,34 planetary ephemerides, and star catalogs (e.g.,
Hipparcos, Tycho) providing angular coordinates and photometric properties.35, 36 Planet and aster-
oid irradiances are computed using magnitude-phase laws.37, 38

At each timestep, LoSes are computed from the spacecraft to celestial objects, and those outside the
camera field of view are culled to reduce computation. Light-time delays13, 22 and relativistic aber-
rations39 are applied before projecting the corrected LoSes onto the detector plane using a pinhole
camera model with distortion. Radiometric calculations propagate irradiance through the optical
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system and detector quantum efficiency to compute electron flux. A Gaussian point spread func-
tion (PSF) emulates optical aberrations, particularly critical for unresolved bodies, and the resulting
electron counts are converted to digital numbers (DN) according to camera specifications. Figure 3
shows an example of a generated image.

Figure 3: An image generated with the synthetic generation mode of the SkySimulator

Hardware-in-the-Loop Stimulation

For HIL simulations, the geometrical computation of LoSes is preserved, but image formation
occurs on the real camera via an optical stimulator. Dedicated software compensates for geometric
distortions and radiometric behaviors introduced by the stimulator to ensure consistency with orbital
observations. Further details on these compensations are given in Sections Referencessec:codesign
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and Referencessec:hilsetup.

Rendering Capabilities and Validation

The engine achieves real-time rendering at approximately 100 Hz, sufficient to operate alongside
GNC algorithms without bottlenecks, even with complex star fields and multiple planetary bod-
ies. Validation of the synthetic generation mode40 was performed using Rosetta mission data,41

modeling the NavCam.42 Comparisons demonstrated subpixel geometric accuracy and radiometric
precision, with RMSE of pixel intensities below the sensor noise floor. Open-sky experiments in the
Alpine region further confirmed the consistency and reliability of the renderer for synthetic image
generation.

DEEP-SPACE VISION-BASED NAVIGATION

Fundamentals of Celestial Triangulation

Celestial triangulation for deep-space navigation estimates the spacecraft’s position by observing
the LoS directions to known celestial bodies. This is a resection problem where the observer’s lo-
cation is inferred from angles to at least two known points.14, 43 If a spacecraft can measure LoS
vectors to at least two celestial beacons simultaneously, it can instantaneously determine its position
vector. The achievable accuracy depends strongly on the observation geometry. The triangulation
problem becomes singular when the spacecraft and beacons are collinear, as no information is avail-
able along the LoS. It is worth noting that optimal beacon selection can improve position accuracy
by identifying the most suitable planet to observe among available targets.43 Moreover, operational
constraints, such as spacecraft pointing limitations (e.g., avoiding the Sun) and sensor performance
(e.g., limiting magnitude), might also be considered.
Altough asteroids have been already used in missions such as Deep Space 1,11 CubeSats’ limited
optical sensor performance makes detecting faint minor bodies challenging. Therefore, planets are
the preferred targets, as they are brighter and have well-known ephemerides.44 These characteristics
enable reliable identification with COTS sensors and reducing uncertainty propagation to spacecraft
position. Yet, a key limitation is that simultaneous planet observations are often impossible due to
the limited number of onboard cameras and their placement, making static triangulation only par-
tially applicable in practice. To overcome this limitation, a filtering strategy allows asynchronous
observation of multiple planets and recover the spacecraft position with dynamical linking.

High-Level Description of the EXTREMA Vision-Based Navigation

Given the impossibility of simultaneous tracking, a navigation filter is employed to correlate asyn-
chronous measurements with spacecraft dynamics. The proposed concept of operations (ConOps)
follows a repetitive navigation cycle with four sequential phases:13

1. The spacecraft orients to track the first selected planet for a fixed duration (typically 60 min-
utes), acquiring images at a defined frequency (every 100 seconds in this work).

2. The spacecraft performs a slew maneuver to reorient toward a second target planet. During
the slew, no optical measurements are taken, and the filter performs only the propagation step.
Slew duration is approximately 20–30 minutes but may vary with platform agility.
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3. The spacecraft tracks the second planet for another 60-minute window.

4. The system enters a long propagation phase (5 to 10 days) during which the spacecraft does
not acquire navigation measurements but propagates its state estimate using the dynamical
model. This phase incorporates other spacecraft activities (e.g., thrusting, wheel desatura-
tion).

This cycle maintains resource efficiency, dedicating only a small fraction of mission time (about
2.5 hours every 10 days) to active navigation. Planet selection follows the optimal beacon selection
algorithm.43

The VBN strategy is a tightly coupled navigation algorithm integrating a robust IP pipeline with
an efficient navigation filter. The IP provides pixel coordinates to the navigation filter, which then
estimates the spacecraft position and other state variables over time. Implementation improvements
from previous versions13, 21, 45 focus primarily on computational efficiency during deployment iter-
ations.
The IP pipeline operates in three stages: centroid extraction, attitude determination, and planet
identification. Centroid extraction removes background noise and identifies connected pixel regions
using a high-efficiency region-growing algorithm. A constant threshold is applied for computational
efficiency, with sub-pixel precision obtained via the square of pixel intensities as weights.46

Attitude determination provides the spacecraft’s inertial attitude, feeding the onboard attitude deter-
mination filter. The pyramid algorithm47 matches star asterisms to a catalog. The proposed algo-
rithm is bulked within a RANSAC framework to ensure robust attitude estimation. As a byproduct
of this step, spikes (i.e., centroid not registered as stars) are identified, among which the target planet
may be found.
Planet identification compares spikes to the expected planet location as computed from a priori
trajectory information as obtained from the filter. Based on statistical consideration exploiting the
planet expected position and its covariance, the spike with highest is registered as the planet.
The navigation filter uses raw planet pixel coordinates to estimate the spacecraft state under dy-
namics constraints. A 17-element continuous-discrete EKF state vector includes position, velocity,
mass, and three sets of first-order Gauss-Markov (FOGM) processes for unmodeled accelerations,
thrust errors, and camera calibration errors.
The filter has low-thrust and ballistic modes, depending on the spacecraft mode. Propagation uses a
fourth-order Runge-Kutta scheme with continuous-time Riccati integration, including gravitational
effects from the Sun and planets, and SRP. Thrust-dependent FOGM processes are converted from
body to inertial frames for correct propagation.
The measurement update uses a tightly coupled pinhole camera model with analytical derivatives.
Attitude uncertainty is incorporated by enalrging the pixel measurement covariance. Light-time de-
lay and relativistic aberration are corrected analytically, avoiding iterative Newton-Raphson meth-
ods, reducing computational time by orders of magnitude.13 Outliers are removed via measurement
editing, and specialized FOGM absorbs sensor-dependent systematic errors. The update step is only
performed during coasting, as measurements are not acquired during thrusting.

Summary of Numerical Results

MIL validation on a Earth-Mars transfer scenario combines standalone IP/filter testing and in-
tegrated assessments. Centroid determination achieves better than 0.3 pixels (3σ) accuracy, while
attitude determination is 15 arcseconds. RANSAC succeeds in over 98% of scenarios, proving high

7



robustness. As Figure 4 shows, planet identification remains accurate to 0.3 pixels (3σ).

Figure 4: A 2D probability density function of the planet identification error.

First the filter has been tested with perfect LoSes, yielding position and velocity covariance bounds
of 360 km and 0.04 m/s (3σ), respectivelly. Then the IP has been introduced in the simulation loop
and the dynamical mismatch between the filter and the environment has been improved, MIL simu-
lations obtained 3200 km and 0.8 m/s (3σ) for position and velocity covariance bounds (see Figures
5a and 5b). Results underlined the feasibility of the proposed navigation strategy for deep-space
operations.

OVERVIEW OF THE HARDWARE-IN-THE-LOOP SETUP

Optical Stimulators

HIL simulations are a crucial step for validating deep-space VBN algorithms, enabling the use
of real cameras to capture images under controlled conditions. Optical stimulators provide a cost-
effective method for this validation by stimulating the camera sensor through collimated light from a
screen displaying synthetic scenes. This allows the simulation to naturally include hardware-specific
effects such as lens distortions, detector noise, saturation, and blooming. The optical stimulator
therefore complements software-only simulations, ensuring the VBN pipeline is tested against the
physical behaviors it will encounter in flight.
Optical stimulators can adopt single-lens or two-lens configurations. Single-lens setups are simple
but fixed in magnification, while two-lens configurations allow variable magnification but require
careful optical design to minimize distortions and aberrations (e.g., see 28, 29, 48, 49) . Figures 6a
and 6b illustrate examples of both types of stimulators. For EXTREMA, dedicated attention has
been put in optimizing the stimulator design in order to avoid blurring and aberration during the
stimulation process. The resulting design has proven superior stimulation capability even at high
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(a) Position

(b) Velocity

Figure 5: Estimated errors for each inertial Cartesian component with 3σ bounds.
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angle with respect to the camera boresight, leading to subpixel accuracy in the stimulation over the
entire image plane. More details can be found in 29.

(a) Single lens configuration (b) Two-lens configuration

Figure 6: Example of optical stimulators.

Deep Space Geometric and Radiometric Calibrations

To achieve high-fidelity HIL stimulation, the facility must undergo accurate geometric and ra-
diometric calibrations. On the one hand, radiometric calibration maps the screen pixel values to
the correct light intensity at the camera pupil, ensuring the detector receives the correct photon flux
for each celestial object. The calibration map is obtained by observing known pattern of increasing
intensity to find the correlation between screen DN and light received at the camera pupil. On the
other hand, geometric calibration corrects residual optical distortions and misalignments in the fa-
cility, so that the camera observes the scene as it would in orbit. Patterns of pointwise dots covering
the field of view (see Figure 7) are used to determine a polynomial distortion model.

Facility-Renderer Integrated Design

Once facility calibration are available, the rendering engine exploits them to produce images that
account for both radiometric and geometric consistency. In essence, the HIL stimulation mode of the
renderer warps the celestial objects’ positions to compensate for facility distortions and converts the
virtual scene intensity to screen pixel values using the radiometric calibration curve. This ensures
that the camera observes an image free of facility-induced distortions and receives the correct photon
flux, producing realistic camera DN for VBN testing. The integration is schematically shown in
Figure 8.
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Figure 7: Example of geometrical calibration pattern.

Figure 8: The block diagram of the HIL stimulation mode integrating the rendering and the optical
stimulator

Validation of the Integrated Framework

The integrated HIL framework has been validated for both geometric and radiometric fidelity.
Geometric calibration ensures residual angular errors are minimized, with the majority of measure-
ments below 5–10 arcseconds (see Figure 9). Radiometric validation compared synthetic renderings
with physical stimulations of Lambertian disks and night-sky observations using the RETINA fa-
cility. The facility reproduces predicted intensity profiles and stellar centroid positions with high
accuracy as reported in 26. An integrated test involving geometric and radiometric compensation
has been developed to reproduce night-sky observations. These tests of unresolved objects, such
as Jupiter and the Pleiades, confirm that the framework faithfully reproduces both geometric and
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radiometric characteristics of the scene (see Figures 10a and 10b).

Figure 9: Angular errror statistics of the geometric compensation.
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(b) Pleiades

Figure 10: Comparison between night-sky and RETINA acquisitions for unresolved objects (taken
from26).
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HARDWARE-IN-THE-LOOP VALIDATION CAMPAIGN

The HIL validation campaign was conducted to evaluate the performance of the deep-space VBN
algorithm under realistic conditions, bridging the gap between synthetic simulations and flight-like
operations. The tests were performed using the RETINA optical stimulator, with calibrated geomet-
ric and radiometric settings, and images were acquired by a COTS camera. The acquired images
were then processed by the VBN algorithm running on a representative onboard processor, a Zyn-
qUltrascale+ SoC ARM Cortex-A53 1.2 GHz.
The integrated HIL experiments confirmed the robustness of the VBN pipeline in the presence of
unmodeled errors such as residual calibration misalignments, lens distortions, non-ideal PSFs, and
sensor-specific artifacts. The IP pipeline successfully determined spacecraft attitude and extracted
planet LoS measurements from the physical images with performance comparable to MIL simula-
tions.
Monte Carlo results from the HIL navigation campaign show an expected degradation in navigation
accuracy compared to idealized SIL simulations, reflecting the “reality gap” introduced by hard-
ware effects. Steady-state 3(σ) position errors ranged from approximately 5,320 km to 5,491 km,
while 3(σ) velocity errors were between 0.97 m/s and 1.23 m/s (see Figures 11a and ??). A more
detailed investigation revealed that these errors are primarily driven by the finite resolution of the
display pixels and residual uncertainties in the facility calibration. Despite this degradation, the
VBN algorithm remained consistent and capable of autonomously estimating the spacecraft state
within acceptable bounds for deep-space cruise, demonstrating robustness against unmodeled ef-
fects present in the physical test environment. Computational performance of the fully integrated
VBN algorithm was assessed on the ZynqUltrascale+ SoC. The complete pipeline executed in under
40 ms, confirming real-time capability on space-representative hardware. The runtime distribution
demonstrates that centroid extraction, attitude and planet identification, filter propagation, and filter
update are all executable within the timing constraints required for autonomous deep-space naviga-
tion.
Finally, open-sky validation campaigns were also performed to further verify the IP chain under real
observational conditions. Images of unresolved celestial bodies were acquired in northern Italy and
compared with facility-stimulated images (see Figure 12a and 12b). These tests confirmed that the
VBN algorithm can accurately detect planets and stars, including faint targets like Uranus, while
maintaining attitude determination and LoS extraction performance.

CONCLUSIONS

The rapid increase in interplanetary missions is putting a growing strain on ground-based infras-
tructure, creating an urgent need for autonomous spacecraft capable of determining their own tra-
jectory onboard. This work presents the design and validation of a vision-based navigation (VBN)
algorithm tailored for deep-space CubeSats. The solution integrates a robust image processing
pipeline with an extended Kalman filter that directly processes pixel-level measurements of planets.
The algorithm was validated through a HIL campaign using a calibrated optical stimulator and a
high-fidelity rendering engine. The HIL setup ensured that the camera received realistic visual in-
put representative of deep-space conditions. Geometric calibration achieved sub-pixel stimulation
accuracy with angular errors below 10 arcseconds, while radiometric fidelity was confirmed through
comparisons with real night-sky observations, achieving high structural similarity in all tests.
The validation campaign progressed directly to fully integrated HIL experiments. The final exper-
iment combined the calibrated optical stimulator, renderer, and a physical camera with the VBN
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(a) Position

(b) Velocity

Figure 11: Steady-state 3σ errors of the VBN filter in the integrated HIL test.
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(a) Jupiter

(b) Stars

Figure 12: Representative images from the open-sky validation campaign.

algorithm executing on a space-representative Zynq UltraScale+ SoC. In this configuration, the
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pipeline achieved total execution times below 40 ms. Despite the introduction of real hardware and
unmodeled effects, the algorithm maintained steady-state position errors below 5,320 km and ve-
locity errors under 1.23 m/s (3σ), demonstrating robust and accurate deep-space navigation. These
results provide a comprehensive experimental verification of the system’s performance in a rele-
vant environment, confirming that the autonomous navigation algorithm is mature and validated to
enable deep space navigation.
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