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Autonomy is increasingly crucial in space missions due
to several factors driving the exploration and utilization
of space. In the meanwhile, Artificial Intelligence (AI)
methods begin to play a crucial role in addressing the
challenges associated with and enhancing autonomy in
space missions. The proposed work develops a closed-
loop simulator for proximity operations scenarios, partic-
ularly for the inspection of an unknown and uncoopera-
tive target object, with a fully Al-based closed-loop im-
age processing (IP) and Guidance Navigation & Control
(GNC) chain. This tool is based on four main blocks: im-
age generation, CNN-based image processing, navigation
filter, and DRL-based guidance and control blocks. The
proposed Al-based architecture is first trained and tuned
to investigate the interface problems between each GNC
block. Afterwards, the architecture is deployed in an Mon-
tecarlo testing campaign to verify and validate the perfor-
mance of the proposed IP-GNC loop.

1 Introduction

Nowadays enhanced autonomy is the research driver
of most of the leading space agencies, as spacecraft
independence would allow for reliable, cost-effective,
lower-risk services, and much more flexibility in mis-
sion planning, specifically concerning the wide spec-
trum of in-orbit servicing activities. A crucial aspect
in these operations is the spacecraft’s GNC (Guidance,
Navigation and Control) autonomy, which shall en-
sure precise state reconstruction, together with trajec-
tory generation and tracking. Moreover, with vision-
based systems, image processing (IP) becomes ex-
tremely relevant for autonomously extrapolating the
necessary information to perform state estimation. In
recent years, the number of works on machine learn-
ing techniques applied to space-related problems is
growing, especially in the context of guidance, navi-
gation and control [1-3], affecting almost all the most
important aspects of the GNC in a great variety of
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scenarios ranging from feasibility studies to on-board
applications [4, 5]. Among the studied applications,
autonomous relative pose estimation with known un-
cooperative targets is tackled in [6-8], where Convolu-
tional Neural Networks (CNN) [7, 9, 10] The latter is
then refined to perform both target detection and key-
point regression in a single inference in [11]. At the
same time, Deep Reinforcement Learning (DRL), as a
sub-discipline of machine learning, is gaining much
interest, especially for autonomous guidance and con-
trol problems. Several scenarios have already been in-
vestigated: spacecrafts hovering or orbiting around
small bodies, planetary landing and close-proximity
operations [12-15]. According to [16], in the current
state-of-the-art, DRL is a powerful tool when dealing
with decision-making problems and its perfect com-
patibility with Artificial Neural Networks (ANN) as
function approximators allows it to improve the gen-
eralising capabilities of the resulting policy, and to
solve more and more complex problems characterised
by high-dimensionality and continuous state and ac-
tion spaces [17].

In this paper, we propose an innovative Al-based
IP-GNC architecture, which combines a CNN image-
based navigation tool with an autonomous DRL-based
guidance and control (GC) agent, tested in a simula-
tion environment with rendering-in-the-loop. In this
architecture, the navigation block interfaces the Al-
based pose estimation pipeline, based on the YOLOvS8-
pose-based architecture [11], and a relative navigation
filter. The former estimates the chaser-target relative
pose for each processed frame that is then passed to
the navigation filter which outputs the overall esti-
mation of the chaser-target relative state. This is then
used by an autonomous guidance and control agent
[18, 19], trained via Deep Reinforcement Learning to
plan the chaser’s relative trajectory around an unco-
operative space object (i.e. the target) to optimise its
inspection. In the following sections, the IP-GNC ar-
chitecture is described, and its performance is investi-
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gated in a TANGO relative dynamics scenario.

2 IP-GNC Architecture

This paper proposes a fully Al and image-based GNC
algorithm working in a closed-loop environment em-
ploying an image generation step performed at each
iteration. The testing environment is based on the five
different blocks described in the following.

Dynamics. This block defines the chaser-target rel-
ative environment: the relative position and velocity
are computed from the absolute position and veloc-
ity of both target and chaser integrated in the Earth-
Centered Inertial (ECI) reference frame. The relative
attitude dynamics is derived from a quaternion-based
integration in the ECI reference frame.

Image Generation. The image generation (IG) block
is entrusted with generating a synthetic representa-
tive frame for each GNC iteration. Each generated
frame is fed to the IP block. The IG block comprises
a synthetic image generation core based on POV-Ray
[20] and a high-fidelity noise generator developed in
[11]. Notably, the adopted image generator achieves
an average rendering time of about 0.3 seconds per
image, running only on the CPU of a general-purpose
computer. Despite being low, the rendering time lim-
its the possibilities of real-time simulation (i.e., sim-
ulated time equal to actual time in orbit) since, cur-
rently, it is not possible to ensure a rendering time
equal to the image formation time or an actual space-
borne camera.

Image Processing. The IP block consists of an Al-
aided keypoint-based pose estimation algorithm that
leverages a single, multi-tasking, and efficient CNN
that performs both target detection and keypoint re-
gression in a single inference. Namely, the pipeline
leverages the YOLOv8s-pose model due to its effi-
ciency and top-level performances, while the relative
pose is estimated by using the EPnP algorithm [21],
leveraging the knowledge of the 3D keypoints from
the CAD model, the 2D keypoint regressed by the
YOLOv8s-pose model, and the 2D-to-3D correspon-
dences retrievable from the regressed keypoint fixed
order, without any need of depth estimation from im-
ages. This architecture is introduced in [11] to pro-
cess each image generated by the IG block. Such ar-
chitecture is capable of of handling the relative pose
estimation tasks for several target geometries, by pro-
viding accurate estimates thanks to the outlier re-
jection scheme based on the confidence scores asso-
ciated with the retrieved landmarks. The YOLOv8s-
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pose has been trained on the MINIMA dataset [22]
using the stochastic gradient descent method. The
criteria adopted to evaluate the performances of the
YOLOvS8s-pose are the Intersection-over-Union (IoU)
and the average precision (AP) for the object detec-
tion performances. The trained model scored a mean
APy of 97.4% and a mean IoU of 96.11% for the ob-
ject detection task, while for the keypoint regression
task, it achieved a mean AP5905 of 99.1% and a mean
Object Keypoint Similarity Index (OKS) of 97.99% on
MINIMA images. Fig. 1 provides examples of detected
ROI and keypoints extracted from sample images us-
ing the trained YOLOv8s-pose model. The outputs of

—— Detected ROI
Detected Keypoints

Figure 1: Detected ROI, keypoints, and confidence score us-
ing the trained YOLOv8s-pose model on sample images.

the IP block are the relative target position (r) and
attitude (g) with respect to the chaser camera frame.
Notice that, without any loss of generality, here it is
assumed that the camera reference frame corresponds
to the chaser body reference frame.

Navigation. The navigation (NAV) block is based
on a loosely coupled architecture involving a relative
translational filter and a relative rotational filter. The
relative position and velocity estimation is entrusted
to a H-oo filter, which is a robust linear estimator. Re-
garding the relative rotational filter, the Invariant Ex-
tended Kalman Filter (IEKF) is exploited here. The in-
put of the filter is the relative chaser-target angular ve-
locity inferred from the chaser’s absolute navigation,
the earth-based observation of the target’s rotational
state, and the relative quaternion retrieved from the
IP block. The output of the IEKF is a refined relative
quaternion.

Guidance and Control. The Guidance and Control
(GC) is the last block of the pipeline and is based on
[23]. It takes as input the relative chaser-target posi-
tion and velocity in the target LVLH reference frame
and the relative attitude of the target in the chaser
camera frame. Proximal Policy Optimization (PPO),
a state-of-the-art DRL algorithm for continuous state-
action spaces, is then employed to optimize the tra-
jectory of the spacecraft around the target, accord-
ing to the specified reward function, which shapes
the decision-making of the agent. The DRL policy is
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first trained on a simplified environment, where the
camera is assumed to be always pointed towards the
target and information coming from the navigation
block are perfectly known. The stochastic policy is op-
timized throughout the training process by adjusting
the parameters of the neural network that approxi-
mates the spacecraft’s decision-making to maximize
the reward function. The latter is designed to incen-
tivize the spacecraft to remain in a bounded region
of space around the target and to improve its map-
ping, as implemented in [23], in a limited time win-
dow and maximum propellant availability condition.
The GC block outputs the control action of the chaser
(shaped as an acceleration vector) that affects both the
dynamics and navigation blocks. This methodology is
strongly influenced by the target object (in this case,
TANGO from PRISMA mission), on which the agent
is trained, from the camera model with its FOV and
the trajectory range which again shapes the training
simulation. Fig. 2 shows the architecture pipeline de-
scribed above.
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Figure 2: Al-based GNC pipeline architecture scheme.

3 Results on TANGO case study

The baseline simulation on which the AI and image-
based GNC pipeline is based on some main assump-
tions that must be considered due to the input con-
straints of the different blocks:

* The Earth is never in the background of the im-
age for two main reasons: the guidance reward
model was not built considering Earth illumina-
tion and the IG block would have been exces-
sively slow in rendering the images to maintain a
feasible simulation time. Nevertheless, it is worth
mentioning that the analyses related to the ro-
bustness of the IP step pointed out that the pres-
ence of backgrounds has negligible effects on the
estimated relative pose accuracy [11].

* The guidance and control agent inserted in the
GNC pipeline is trained on a fixed target point-
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ing scenario, which at first, does not require any
attitude controller.

* The trajectory is limited to remain between 1.5-
35 m from the target to avoid collisions or over-
reducing the target size in pixels, leading to un-
feasible target detection and relative pose estima-
tion steps within the IP block.

Starting from these assumptions on the different
blocks, the testing campaign focused, at first, on the
input of the chaser-target relative orientation, which
could have been derived in three different ways: real
quaternion value (computed by the dynamics block)
with the addition of a proper level of noise, the IP es-
timation, or adding a rotational navigation filter to
deal with this information. Once this was assessed,
the second aspect was related to attitude control, re-
moving the assumption of fixed target pointing. Here,
only the most general and final case results will be pre-
sented, even if a testing workflow has been followed
to increase the complexity of the simulations step by
step, without rushing directly to the most general case.
The stopping conditions defined for the simulation
are taken from the GC agent’s development: exceed-
ing the trajectory limits (range between 1.5-35 m) or
the time window (set to a maximum of 4 hours of
trajectory length), and the achievement of map cover-
age (if reaches 100%). This small Montecarlo analysis
divided in steps of increasing difficulty was able to
assess the potential of the treated methodology. In the
following the two most important aspects constrain-
ing the simulation are briefly discussed.

GC attitude input The attitude information needed
by the GC agent can be derived directly by the dynam-
ics, the IP block or by the rotational filter. In the first
case, the estimation is less realistic because only noise
on the real quaternion is being considered. In the sec-
ond and third cases, the input is more proper since
it comes from the IP or NAV estimation. In the fol-
lowing results, the simulations are based on the NAV
estimation case, which is considered as the most real-
istic and difficult case.

Chaser attitude control In the most general case
of unfixed target pointing, a PD control has been ex-
ploited to compute the target pointing with the quater-
nion estimator algorithm (QUEST) [24]. The propor-
tional and derivative gains are not fine-tuned on the
chaser to leave a small level of uncertainty on the atti-
tude control to analyse the robustness of the GC; also
the coupling between the trajectory and attitude con-
trol is not taken into account.



Proceedings of the 15t SPAICE Conference on Al in and for Space | Pages 38 - 43

DOI: 10.5281/zenodo.13885503

3.1 IP Analysis

The IP block robustness is assessed by collecting the
outputs for all the episodes simulated, resulting in
about 100000 samples retrieved for both the fixed tar-
get pointing and controlled pointing conditions. The
performances have been evaluated by retrieving for
each frame the normalized relative distance error and
the relative quaternion error as defined in [25]. Some
error metrics (on relative position and quaternion er-
ror) are shown in Fig. 3, where the peaks of maximum
error between 10m and 16 m are due to a weak atti-
tude control action that makes the target exit the FOV
(field-of-view). The high errors correspond to the tran-
sition from inside to outside of the FOV and vice versa.
Overall, the normalized relative position error is be-
low 5%. Similar results are obtained for the relative
quaternion error which mostly grows when the rela-
tive distance is higher than 32m (distance limit for
target detection).
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Figure 3: YOLOv8s-pose-based IP robustness analysis in
non-target-pointing scenario.

NAV Analysis The output of the NAV functional
block is tightly related to the IP one, and the specific

© 2024 Authors of this article as listed on page 38.
This work is openly licensed via CC BY 4.0.

estimation error values depend on the episode con-
figuration. Also for the NAV block, it is possible to
notice that the percentage of image-based outlier mea-
surements is extremely low, and there are no failures
within the IP block. It can be noticed that the filter is
beneficial in both cases, since it reduces the estimation
error of the IP functional block. It can also be noticed
that the presence of the filter is effective in mitigat-
ing the error peaks that occur during the episode. The
overall position and attitude estimation decrease by
30% and 7%, respectively. Even if the position error
reduction is higher in percentage, it is important to
stress the fact that its magnitude is always extremely
low, always below 5% of the relative inter-satellite
range. The relative position and attitude estimation
errors are shown in Fig. 4 and Fig. 5, respectively.
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Figure 4: Relative translation filter estimation errors in non-
target-pointing scenario, off-nominal IP behavior.
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Figure 5: Relative rotation filter estimation errors in non-
target-pointing scenario, off-nominal IP behavior.
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3.2 GC Analysis

The performance results of the GC agent remain con-
stant during all the tests, proving the great robustness
of the trained model. The resulting evaluation metrics
for the most general case (input from NAV block and
chaser attitude control, as defined before) are shown
in Tab. 1 and respect the standards of the nominal
performance detected in [23].

Table 1: GNC pipeline results.

Thrust level
53.2 %

Reward Scr.

574.2

Map
96.5 %

Traj. time

4.0h

In this case, all episodes end exceeding the time con-
straint of 4h, even if achieving a very high mapping
level. But, this result shows the benefits of the rota-
tional filter which reduces the average error of the GC
pointing information input, in Tab. 2.

Table 2: Average pointing error in GC input throughout the
different step of the GNC pipeline tests.

NAV
5-10°

DYN-+noise
10-20°

IP+noise

10-20°

Pointing

Avg. Point. Err.

An example of the results acquired throughout the
test analysis is shown in Fig. 6, in terms of chaser-
target relative position (on top) and velocity (in the
middle). Looking at the trajectory plot, it is observed
how the agent tries to keep the spacecraft at an aver-
age relative position and velocity value, actively con-
trolling it (red dots) only when these two parameters
start to drift away.

4 Discussion

This paper proposes an innovative GNC algorithm
architecture which has been shortly presented in all
of its components and their relative performances.
In conclusion, the GC-trained agent exhibits a stable
and unaltered level of performance throughout all the
steps of the testing; moreover, the policy learned is
robust to all the uncertainties and model differences
introduced in the new GNC framework. The IP block,
based on YOLOv8s-pose-based relative pose estima-
tion algorithm, is recognised to be highly accurate.
Therefore, in general, the outcomes confirmed the
strong robustness of the proposed approach, where
the pose estimation pipeline is not affected by the po-
sition of the target within the FOV. The navigation
filters downstream the IP functional block enhance
the robustness of the GNC chain, being beneficial to
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Figure 6: Example of Chaser-Target trajectory and evalua-
tion metrics in the controlled target pointing case.

the accuracy of the pose estimate and to enabling oper-
ations even in case of faulty IP measurements, for ex-
ample when the target exits the camera FOV. Anyway,
some points still remain open, e.g. generating high-
fidelity images with calibrated noise components in
real time, coupling compatibility between trajectory
and attitude control, absolute attitude knowledge as-
sumption, etc., but these results have strengthened
the awareness of having a powerful tool, that, at this
point, feels the need to be tested also in a realistic or
hardware-in-the-loop environment.
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