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Abstract:

This project explores the use of Proximal
Policy Optimization (PPO) to enable au-
tonomous control of a robotic manipulator
mounted on a free-floating base in a simu-
lated microgravity environment. A simpli-
fied setup of ESA’s Orbital Robotics Labora-
tory (ORL) was developed in Isaac Lab, in-
cluding a robotic arm, fixed grasping points,
and a frictionless floor.

The system was trained using curriculum
learning and evaluated through structured ac-
ceptance tests covering Point-to-Point mo-
tion, grasping, base relocation, and multi-
step traversal.

Results show that PPO can produce smooth
and accurate behaviors without predefined
trajectories in early tasks. However, the
final traversal task was not solved, high-
lighting challenges in long-horizon planning.
Still, the project demonstrates a functional
RL-based control pipeline, a validated sim-
ulation framework, and lays the foundation
for future deployment on physical platforms.
This work provides a proof-of-concept for
using deep reinforcement learning to enable
autonomous manipulation and movement in
simulated space-like conditions.
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Introduction

With advancements in technology over the past decades, space exploration has been growing
steadily. The number of space missions is increasing, and they are becoming more ambitious
over time. As a result, there is a growing need for Large Space Structure (LSS) to be built in
space. This makes assembly and maintenance tasks more dif cult and dangerous for human
astronauts to carry out on their own. This has resulted in an increase in research and investment
in robotic manipulators for assisting astronauts with constructing LSS.

A good example of a LSS with an increasing number of required tasks is the International Space
Station (ISS) as seen in Figure 1.1. The ISS is a space platform designed for scienti c research
and space exploration, built through a collaboration between NASA, European Space Agency
(ESA), and other international partners. It hosts astronauts from various countries who work
together on experiments in elds such as biology, medicine, physics, and chemistry.[1]

Figure 1.1: Visualization of a LSS placed in orbit around the Earth[2].

To support further research operations on the ISS and the construction of future space struc-
tures, ESA is supporting the Multi-arm Installation Robot for Readying ORUS and Re ector
(MIRROR) project which can be seen in Figure 1.2.

The idea behind the MIRROR Project is to launch non-aerodynamic structures packed inside
an aerodynamic rocket. Once the rocket reaches its target location in space, the MIRROR
manipulator will then assemble the structure. To move the items to the wanted position, the
MIRROR will pick up the item with one of the connectors, and use the others to move around,
as visualized in Figure 1.3.
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CHAPTER 1. INTRODUCTION

Figure 1.2: The MIRROR robot using the HOT- Figure 1.3: Visualization of the MIRROR system
DOCK system to grab two structures. walking with an item across a surface[3]

Although MIRROR's impedance control framework provides robust motion management and
contact safety, current capabilities rely heavily on prede ned scripts or teleoperation, lacking
the autonomous decision-making needed for dynamic adaptation to uncertainties encountered
in space environments. RL presents a promising methodology to bridge this autonomy gap, en-
abling robotic manipulators like MIRROR to autonomously respond to unpredictable scenarios,
enhancing both exibility and ef ciency in orbital assembly tasks.

However, applying RL to a space-bound manipulator presents unique challenges. First, ground-
based simulations cannot fully replicate zero-gravity conditions, so policies trained on Earth
may not translate accurately to orbital operations. Second, safety constraints in space are far
stricter, which drastically reduces the feasibility of traditional trial-and-error strategies often
used in RL . Finally, model discrepancies between simulation and real hardware can cause
the learned policy to fail once deployed: even minor inaccuracies in microgravity or contact-
dynamics modelling can lead to unpredictable behaviour on the actual system.

To further develop these initiatives and allow university students to have the opportunity to
contribute to ongoing space research ESA has created the ESA Academy's experiment pro-
gramme. This project is in collaboration with the ESA Academy's experiment programme[4]
and focuses on exploring the use of RL to control the future robotic manipulators used to con-
struct LSS. To test and validate the use of RL on a physical setup without sending it to space,
ESA 's facilities incorporate the Orbital Robotics Laboratory (ORL), a microgravity simulation
laboratory included in Figure 1.4b. The setup in the laboratory enables testing of simpli ed
systems under replicated microgravity conditions in a 2D plane. This is achieved using a rigid
platform mounted on air bearings, allowing it to levitate a few millimeters above the oor using
pressurized air, thereby simulating the absence of gravity in the plane of motion.

Though the nal goal of the project is to test the system in ESA 's ORL, a simpli ed proof-
of-concept has been developed and tested at AAU . This local version, known as the SKY-
WALKER system, is shown in Figure 1.4c. The SKYWALKER system allows for safer and
more accessible testing without the risk of damaging the sensitive equipment in the ORL. Fig-
ure 1.4 illustrates the step-by-step simpli cation of the original MIRROR concept, starting from
the full-scale mission, through the setup at ESA 's microgravity lab, and ending with the reduced
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CHAPTER 1. INTRODUCTION

SKYWALKER system.

(a) The MIRROR.

(b) The ORL (c) The SKYWALKER

Figure 1.4. Simpli cation steps from the MIRROR Project to the ESA ORL and nally the SKY-
WALKER.

By validating this simpli ed setup rst, the project builds a solid foundation to scale up to more
complex environments. This staged approach leads directly into the initial problem statement,
where the main challenge of the project is formally introduced.

1.1 Initial problem Statement

"How can Reinforcement Learning be utilized to autonomously control a free- oating system
that uses a manipulator to dock and drag itself to navigate on a frictionless oor?

This project will be working on a proof-of-concept in using RL to control a manipulator system
In space.

The following chapters will start by describing and analyzing the space industry together with
the MIRROR project and the current work using RL in space-related projects. This will be
followed up with a short section describing ESA 's ORL and a review of the test system at AAU

After the analysis, the project's main objectives and system requirements are introduced, along
with a series of acceptance tests designed to validate the system's performance. Based on these
requirements, the design and implementation of the proposed solution are then presented.

Finally, the report concludes with a discussion of the test results and a critical evaluation of the
proof-of-concept system, re ecting on both its current capabilities and its potential for future
development.
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Problem analysis

In this chapter, the analysis to create the solution previously introduced is made. This analysis
will cover state-of-the-art space manipulators and their control algorithms, the current setup at
ESA and AAU , and how RL is used in the space industry.

2.1 Manipulators in Space Sector

Large-scale on-orbit assembly has become increasingly important due to ambitious space mis-
sions, including the construction of telescopes, satellite constellations, and deep-space habitats.
Such structures often demand versatile and precise robotic manipulators capable of handling a
wide range of tasks in dynamic and uncertain environments. Over the last couple of decades,
robotic manipulators have played essential roles in space, mainly on the ISS. Prominent exam-
ples include Canadarm[5], Canadarm2[6], the European Robotic Arm (ERA)[7], and Dextre[8].
These systems have successfully performed various tasks, including assembly, maintenance,
payload handling, and astronaut assistance[9, 10, 11]. The Canadarm and Canadarm2 notably
facilitated the ISS's construction and routine maintenance operations by relocating payloads and
assisting astronauts during extravehicular activities as seen in Figure 2.1. These manipulators
typically operate under direct remote control by astronauts within the ISS, providing precise
control but limiting their autonomy|[5].

Figure 2.1: Astronaut assisted by Canadarm2[6].

The ERA, mounted on the Russian segment of the ISS, extends these capabilities with ad-
vanced autonomous control features. It can handle payloads and perform station maintenance
semi-automatically or through real-time teleoperation, thus representing a step towards greater
autonomy[12, 7]. Additionally, ESA has explored teleoperation techniques through projects
such as Analog-1[13], aimed at enhancing remote control capabilities under latency and lim-
ited feedback conditions. These efforts aim to re ne teleoperation strategies, addressing the
constraints inherent in space operations to enable greater precision and safety during remote
interactions[13, 9].
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CHAPTER 2. PROBLEM ANALYSIS

While existing manipulators excel in diverse, general-purpose operations, assembling speci c
structures such as large telescope mirrors or precise satellite panels introduces unique chal-
lenges. ESA's MIRROR project addresses this niche by developing a modular, multi-arm
robotic architecture explicitly designed for precise interactions with delicate, at surfaces. The
MIRROR project has demonstrated that a modular robotic architecture is well-suited for assem-
bling large structures in space as well as servicing satellites and moving cargo around in later
space missions. The MIRROR system features a relocatable multi-arm manipulator equipped
with HOTDOCK standard interconnects, torque-controlled joints, and impedance-based con-
trollers to enable safe interactions with its environment [14, 15].

Once the role of manipulators in space and the relevance of the MIRROR project within this
context is understood, the next step is to explore how such systems can be effectively tested on
Earth, at the ORL, without requiring deployment in space.

2.2 Orbital Robotics Laboratory (ORL)

To test systems in microgravity environments, ESA has designed the ORL, visible in Figure 2.2,
for physical testing of developed systems. In the ORL, a 5x9 m epoxy-covered oor is used as
the groundwork for the microgravity simulation.[16] This specialized oor simulates micro-
gravity in a horizontal plane, and the low friction is achieved using a stable air gap between the
oor and the oating platforms. To locate items on the oor, 44 infrared cameras are placed to
cover the entire oor, which can estimate the precise pose of objects using a VICON motion
tracking system.

These systems together form an environment that enables test interaction in weightlessness and
control systems for thrusters.[17] Currently, two different oating platforms are available for
use on the oor in the ORL, the REACSA and the MANTIS systems.

Figure 2.2: Image of the ORL with the MANTIS platform on the left side and the REACSA platform
on the right.[18]
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CHAPTER 2. PROBLEM ANALYSIS

REACSA platform

The REACSA platform, shown on the right side of Figure 2.2, is the largest air-bearing platform
available in the laboratory with a weight of 200kg. It is designed to emulate space dynamics in a
planar microgravity-like environment by levitating using compressed air on a oor similar to the
one in the ORL. The platform measures 0.7m in diameter and has a height of 1m, being capable
of supporting payloads of up to 50kg in its standard con guration and 96kg in a modi ed
con guration where the upper modules are removed. It can be operated either using onboard
compressed air tanks, which allow for around 15 minutes of autonomy, or through a tethered
setup that enables continuous operation by supplying air externally.

Control of the platform is achieved through eight independently actuated air thrusters that pro-
vide planar translation and rotation, complemented by a reaction wheel for precise yaw control.
This allows the platform to follow commanded trajectories and perform realistic orbital maneu-
vers such as attitude adjustments or docking simulations. REACSA was designed for testing
control algorithms in scenarios relevant to on-orbit servicing, debris removal, and cooperative
multi-agent tasks under realistic dynamical constraints [19].

MANTIS platform

The MANTIS platform, shown on the left side of Figure 2.2, is the smallest air-bearing platform
available in the ORL. It has a circular base with a diameter of 0.7m and stands approximately
0.3m tall, weighing around 35kg. Despite its compact size, the platform can support payloads of
up to 100kg, making it well-suited for testing lightweight robotic arms and hardware prototypes.

Unlike REACSA, the MANTIS platform does not include onboard actuators for motion control,
there are no air thrusters or reaction wheels integrated into the system. As a result, all control
must be executed by the system mounted on top of the platform, such as a robotic manipulator
or an external control module. This lack of built-in actuation simpli es the platform design but
shifts full control authority to the payload, making it ideal for evaluating autonomous robotic
systems that require direct control over their own movement. MANTIS can also operate un-
tethered using compressed air tanks for up to 15 minutes, or in a tethered con guration for
continuous operation.

When comparing both platforms, the MANTIS Platform has a higher payload while meeting
all the necessary requirements for the project with a simpler and lighter setup, making it the
preferred platform for testing. Although the REACSA Platform in its modi ed con guration
also has a payload of 96kg it requires it runing without air tanks requiring to be tethered for all
tests performed [17].

2.2.1 SKYWALKER Platform

To enable preliminary testing at AAU prior to the main campaign at the ORL, a group of stu-
dents developed a physical prototype named the SKYWALKER platform as seen in Figure 2.4.
It is designed as a simpli ed version of the ORL platform, it reduces friction using caster ball
bearings that roll on a metal plate in place of air bearings. A braking mechanism is included to
simulate the deactivation of air bearings on the MANTIS platform by locking the base in place.
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CHAPTER 2. PROBLEM ANALYSIS

The platform is equipped with a battery for untethered operations, an onboard PC, and a driver
for the robotic arm, which is mounted on top. To replicate the docking behavior of the MIRROR
system, the arm includes a custom-made end effector and corresponding mounting points. A
momentum wheel has also been integrated to provide active stabilization during motion, helping
to compensate for disturbances and maintain control under dynamic conditions.

Figure 2.3: CAD model of the SKYWALKER Figure 2.4: Physical setup of the SKY-
system developed at AAU . WALKER system developed at AAU .

2.3 RL on manipulators

RL is a machine learning paradigm in which an agent learns to make decisions by interact-
ing with an environment to maximize cumulative rewards, making it particularly suitable for
sequential decision-making tasks like robotic manipulation.

A powerful extension of RL is Deep Reinforcement Learning (DRL), which uses deep neural
networks to approximate value functions or policies. This enables learning in high-dimensional,
continuous spaces that are common in robotics.

DRL algorithms typically fall into three main categories: value-based, policy-based, and actor-
critic methods [20]. Value-based methods estimate the expected return of taking certain actions
in given states and select the action with the highest value. These methods work well in dis-
crete action spaces but struggle with high-dimensional, continuous control problems common
in robotics. Policy-based methods take a different approach by directly learning a policy that
maps states to actions. While they can handle continuous actions more naturally, they may suf-
fer from high variance and slow convergence. Actor-critic methods combine the strengths of
both approaches by using both an actor (the policy) and a critic (the value function). The critic
provides feedback to improve the actor's decisions, leading to more stable and sample-ef cient
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CHAPTER 2. PROBLEM ANALYSIS

learning [21].

Due to their ability to handle continuous action spaces and maintain training stability, actor-
critic architectures are especially suited for robotic manipulation tasks, which involve precise
and dynamic control.

This section will review four DRL algorithms that are particularly relevant to robotic manip-
ulation tasks. These algorithms are DDPG, PPO, SAC, and TQC. Although Proximal Policy
Optimization (PPO) is technically a policy-gradient method, it incorporates an actor-critic struc-
ture internally to enhance training stability and performance, making it functionally similar to
actor-critic algorithms in practice and thus being one of the considered options.

2.3.1 Deep Deterministic Policy Gradient (DDPG)

DDPG is an actor-critic, model-free algorithm speci cally designed for continuous action spaces,
making it highly suitable for robotic manipulation tasks. DDPG extends the deterministic pol-
icy gradient method to deep neural networks, enabling stable learning in high-dimensional con-
tinuous control spaces. However, DDPG can exhibit issues such as overestimation bias and
instability during training due to its deterministic nature and sensitivity to hyperparameter tun-
ing.[22]

In [23], a DDPG-based method is implemented for trajectory control of a 6-DOF industrial
manipulator. The authors use simulation environments to validate the effectiveness of DDPG
in achieving smooth trajectory tracking and joint control, showcasing its ability to handle the
nonlinear dynamics typical of industrial arms. This method also demonstrates robustness under
external disturbances, which is key for practical deployment.

A similar study in [24] explores the continuous control of robot manipulators using DDPG.
Their results highlight improved convergence in policy learning and reduced position errors
when compared to traditional PID controllers. The inclusion of reward shaping techniques
enhances learning speed and control precision, reaf rming DDPG's suitability for ne-grained
manipulation tasks.

The incorporation of parameter noise into DDPG is explored in [25]. This variant addresses
the exploration challenges inherent in deterministic policies by injecting noise directly into the
actor network's parameters. The approach enables more structured and ef cient exploration
compared to standard action noise, resulting in improved learning stability and generalization
across similar tasks.

A broader perspective is presented in the mini-review [26], which evaluates various DRL meth-
ods for manipulation with a strong emphasis on DDPG. The paper discusses practical consider-
ations such as sample ef ciency, policy stability, and the importance of hyperparameter tuning
in real-world robotic applications. It also highlights the increasing trend of combining DDPG
with imitation learning or demonstration-based pre-training to accelerate convergence and re-
duce unsafe exploration.
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CHAPTER 2. PROBLEM ANALYSIS

Collectively, these works demonstrate DDPG's effectiveness in robotic manipulation across var-
ious setups, including high-DOF manipulators, redundant kinematics, and dynamic task con-
ditions. Modi cations like parameter noise and reward shaping further enhance its robustness,
making it a strong candidate for manipulation tasks in both simulation and real-world environ-
ments.

But some limitation of the DDPG is presented in the papers. DDPG is prone to instability
during the training phase. This is primarily due to sensitivity to learning rates, reward shaping
and noise. DDPG tends to overestimate the Q-values, leading to less optimal policies. This
is further intensi ed when the parameter or action noise is not added within acceptable levels,
especially in high DOF tasks.

2.3.2 Proximal Policy Optimization (PPO)

PPO employs a policy-gradient approach, directly optimizing actions rather than estimating in-
termediate values. PPO ef ciently manages both discrete and continuous action spaces, making
it suitable for precise continuous control tasks like robotic manipulators. Additionally, PPO
simpli es hyperparameter tuning, leading to more stable training compared to other methods.

PPO has been adopted to address several challenges in motion planning and autonomous grasp-
ing. For instance, in [27], PPO was used to optimize joint velocity targets for a free- oating
space manipulator tasked with synchronized motion guidance during in-orbit servicing. By
integrating PPO with a feedback linearization controller, the method allowed trajectory gener-
ation that adapts dynamically to target motion. Similarly, PPO was utilized in [28] to train a
manipulator to grasp irregular-shaped rocks in simulated lunar environments. The use of PCA
for object pose estimation helped reduce the complexity of the observation space, while exper-
iments with full camera input showcased PPO's exibility in high-dimensional state spaces.

Other research, such as [29], integrated PPO with a feature extraction network to autonomously
determine grasp parameters (e.g., height, width) for extraterrestrial sample collection. This
system proved robust against environmental variability, including changes in object size, color,
and friction. In [30], PPO was tested for tracking control and vibration suppression in exible
manipulators under partially observable conditions, highlighting PPO's adaptability to system
uncertainty.

PPO has shown great promise for energy-ef cient and adaptive motion planning[31]. A dig-
ital twin with a reduced-order model and deep neural network compensation used alongside
PPO to improve trajectory optimization for speed and energy ef ciency. Another paper, [32],
introduced an Improved PPO variant for obstacle avoidance in joint space, validated through
a Sim-to-Sim-to-Real pipeline using both Gazebo and physical robots. Here, the model was
trained in a simpli ed environment to learn the movement, trained in a more realistic simu-
lated environment for ne-tuning, and at the end tested on a physical robot. Moreover, research
on visual-based PPO learning for manipulators [33] emphasized the importance of punishment
strategies and visual feature extraction in improving convergence speed and nal task perfor-
mance.
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CHAPTER 2. PROBLEM ANALYSIS

While PPO is generally more stable than earlier methods like DDPG, it can struggle with sample
inef ciency in high-dimensional problems and may require careful reward shaping. However,
its balance of performance and robustness makes it highly applicable for both space and Earth-
bound manipulation tasks.

2.3.3 Soft Actor Critic (SAC)

Soft Actor Critic (SAC) combines the advantages of value-based and policy-based methods
through an actor-critic architecture. SAC employs entropy regularization, promoting explo-
ration and preventing premature convergence. SAC is particularly advantageous for tasks in-
volving high-dimensional continuous control, like robotic manipulators, balancing exploration
and exploitation effectively.

In the context of space manipulation, SAC has demonstrated promise in tasks involving high
latency and limited feedback. This can be seen in [34], where a SAC-based controller was
employed for teleoperated manipulators under varying communication delays, showing that
SAC can effectively mitigate the negative impact of latency on control accuracy. Similarly,
in [35], a SAC algorithm was used for collision-free trajectory generation during grasping of
moving and rotating objects in space, proving its robustness to dynamic conditions.

Industrial applications also bene t from SAC's stability and ef ciency. A hybrid approach that
combines SAC with attention mechanisms and neural networks was used to enhance adapt-
ability in dynamic environments [36]. This method allowed the manipulator to learn spatial-
temporal relationships and adjust its actions more effectively in real time. In [37], SAC was
paired with a modi ed imitation learning method to track time-varying trajectories using a 3-
DOF robotic arm. This combination allowed for more nuanced behavior learning from expert
demonstrations.

For more complex environments, such as multi-arm systems or those with periodically moving
obstacles, SAC has been integrated with a hindsight replay method to increase sample ef ciency
and learn more robust policies [38]. Furthermore, domain randomization has been applied to
SAC-based systems for tasks of free- oating targets, enabling reliable training that generalizes
to real-world space scenarios [39].

Despite its strengths, SAC is not without drawbacks. It often requires substantial tuning and
computational resources, especially when combined with other architectures. Moreover, its
stochastic nature, while useful for exploration, can lead to suboptimal deterministic perfor-
mance if not handled carefully.

2.3.4 Truncated Quantile Critics (TQC)

Truncated Quantile Critics (TQC) builds upon DQN and SAC, addressing overestimation biases
by learning distributions of returns using quantile regression.[40] TQC employs multiple critic
networks, each modelling return distributions through minimal quantiles, thus signi cantly re-
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CHAPTER 2. PROBLEM ANALYSIS

ducing overestimation biases and improving training stability.

TQC has been applied to both simulated and real-world robotic tasks with promising results[40].
TQC demonstrates better sample ef ciency and nal performance than SAC, albeit at the cost
of higher memory usage and computational load due to the multiple critic networks involved.

In robotic manipulation, the use of TQC to imitate human-like motion using a converging re-
ward space, which is gradually increased in complexity[41]. This includes applications where
TQC was used to place irregular objects without causing surface damage, ensuring smooth
motion close to environmental constraints[42].

Furthermore, [43] applies an entropy-guided version of TQC with dynamic discount factors to
enhance adaptability in tasks with limited training data. Similarly, [44] introduces shared con-
trol templates to simplify the state-action space, reducing the learning burden while achieving
reliable sim-to-real transfer for tasks such as pouring or clamping.

In some tests, TQC shows success in sim-to-real robotic grasping using photorealistic rendering,
curriculum learning, and using a strong generalization[45].

While TQC is effective in reducing overestimation and improving training stability, its draw-
backs include increased computational requirements and a relatively nascent ecosystem with
fewer benchmarks and tools compared to more established methods like PPO or SAC.

2.3.5 RL Decisions

PPO was selected for implementation based on a combination of practical and technical con-
siderations.

Compared to DDPG, which is known for instability due to Q-value overestimation and sensitiv-
ity to hyperparameters, PPO offers greater robustness during training. Unlike SAC and TQC,
which show excellent performance but require more intensive tuning and computational re-
sources, PPO is easier to con gure and integrates more readily into available simulation frame-
works such as Isaac Lab and SKRL.

Furthermore, PPQO's clipped objective function helps ensure stable learning in environments
with sparse or delayed rewards, a common condition in early phases of curriculum learning.
Since SKYWALKER involves free- oating base motion, grasping, and multi-stage docking
tasks, this robustness is critical to avoid training collapse mid-way through long curriculum
phases.

Given its reproducibility, support in modern RL libraries, and balanced performance across
multiple criteria, PPO was deemed the most practical and reliable algorithm for this proof-of-
concept implementation.
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CHAPTER 2. PROBLEM ANALYSIS

2.4 Problem Analysis Summary

This section summarizes the key decisions and reasoning developed during the Problem Anal-
ysSis.

This Problem Analysis began by addressing the need for more autonomous and adaptable con-
trol in uncertain environments, motivating a shift from traditional control methods to RL for
systems like MIRROR. Due to the risks and constraints of testing in real microgravity, a step-
wise simpli cation was chosen to validate the RL approach safely, starting with a testable,
friction-reduced platform at AAU before moving to ESA 's microgravity lab. Among the RL
algorithms reviewed, PPO was selected for its balance between performance and stability, mak-
ing it suitable for safe and effective training in constrained, continuous control environments.
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Problem Formulation

This chapter presents the nal problem statement derived from the problem analysis conducted
in Chapter 2. Following the problem statement, this chapter outlines the objectives de ned
to address it, along with the project's requirements. Lastly, acceptance tests are introduced to
verify compliance with these requirements.

3.1 Final problem statement

Characterized by the information presented in the problem analysis Chapter 2, a more re ned
problem statement is formulated based on the conclusions drawn from the investigation of cur-
rent space manipulators and RL algorithms. In the analysis it was determined that PPO would
be the ideal RL algorithm for this project, as the algorithm is considered to provide the best
balance of training stability, performance in continuous control spaces, and robustness to en-
vironmental uncertainty which are all key factors for safe and effective robotic operation in
space-like conditions.

Given these ndings, the nal problem statement is formulated as:

"How can a PPO Reinforcement Learning algorithm be used to enable autonomous control
and navigation for the SKYWALKER system in a simulated microgravity environment. ”

This problem statement serves as the foundation for the objectives and requirements of the
proposed solution.

3.2 Delimitations

While the broader goal is to enable autonomous assembly using complex multi-arm systems
like ESA 's MIRROR platform, this project is focused on delivering a proof-of-concept imple-
mentation under constrained conditions to validate the feasibility of using RL for space-relevant
manipulation tasks.

The following delimitations de ne the project scope:
Single-arm con guration: The implementation uses a single robotic arm mounted on a
mobile base rather than a multi-arm setup. This simpli cation allows focused experimen-

tation on locomotion and grasping behavior without the additional complexity of multi-arm
coordination.
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CHAPTER 3. PROBLEM FORMULATION

« Simulated environments: All training and validation are conducted in simulation using
Isaac Lab, with later testing on frictionless physical platforms (e.g., the SKYWALKER or
ORL systems) as a proxy for true microgravity.

» Simpli ed task scope: Rather than performing full-scale orbital assembly, the robot is
tasked with navigating between prede ned grappling points, simulating core behaviours rel-
evant to space manipulation and mobility.

These delimitations are made to keep the project focused on validating the technical poten-
tial of using PPO for autonomous robotic control in space-like environments, while laying the
groundwork for future expansion.

3.3 Objectives

The objectives of this project are the following:

ID Title Objective Statement
Scienti ¢c Objectives

SCI-001 | RL -Based Navigation Ensure that the robot can autonomously reach
a given location and decide how to move ef-

ciently while aware of its surroundings using
RL .

SCI-002 | RL Control Demonstrate RL can be effectively used as a
controller for handling complex force and pp-
sition control

SCI-003 | Microgravity Dynamics Investigate dif culties and differences associ-
ated with moving in a microgravity enviror
ment using an RL controller

SCI-004 | Environment Adaptation Validate that RL controllers can seamlessly
transfer from simulation to real-world test beds
(AAU and ORL) while retaining performance

Technical Objectives

TEC-001| SKYWALKER platform as| Use the SKYWALKER low-friction platform
Validation to validate an RL controllers simulation to the
real world before testing on the high-cost mi-
crogravity platform in ORL.

Table 3.1: The project objectives for the validation of the SKYWALKER system
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CHAPTER 3. PROBLEM FORMULATION

3.4 Requirements

This section will cover the requirements needed to be ful lled to meet the nal problem state-
ment and objectives. These requirements are derived from Chapter 2 and categorized into Func-
tional and Design. These requirements are based on a more extensive requirement list made for
the ESA Academy Experiment Programme collaboration, which can be viewed in the Appendix
A.2.

Functional requirements

F1 The system shall be able to reposition its base to a goal position.
Type Notes
F1.1 The system shall be able to grasp mounting points within
Grasping 30 seconds.
F1.2 The system shall be able to stop the base in order to reach
Stopping the next mounting point.
F1.3 The system must not unlock the base if it is not grasping
Safety a mounting point.
Fl.4 .

The system shall reach the goal 90% of the time.
Traversal

Table 3.3: Functional requirements.

These requirements are particularly made concerning the movement of the full system, and
with the interaction of the manipulator with the grasping point. Since the project is made in
collaboration with ESA Academy Experiment programme, the constraints in the requirements
in Table 3.3 are in uenced by comparable systems from ESA and adapted to t the constraints
and goals of the experiment.

This can be seen by the 30-second limits as a practical upper limit, due to the less stringent time
performance restrictions in comparison to terrestrial applications. For the reduced or friction-
less environment, precision is seen as more valuable than time, where the higher limits provide
a practical limit for the performance without sacri cing stability or control. For the traversal, a
90% success rate criteria for the tests re ects typical expectations for semi-autonomous systems
in structured environments, as well as success rates observed in ESA testing[12]. A success rate
criteria of at least 90% is seen as acceptable in accounting for cumulative errors while still
maintaining a reliability level for a proof-of-concept system.

To ensure the full system is able to complete the functional requirements, the physical and struc-
tural capabilities of the robot must be suf cient. In Table 3.5, the requirements for the design
are presented. These requirements ensure that the system's general setup and the manipulator's
kinematic setup are suf cient to complete tasks necessary for repositioning in a delimited space
environment.
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Design requirements

D1 The system shall be able to reach all mounting points.
Type Notes
D1l The manipulator length shall exceed the radius of the base so it can
Reach . :
reach the mounting points.
B(%Fz The robot shall have suf cient DOF to reach all mounting points

Table 3.5: Design requirements.

To ensure the requirements de ned in Table 3.3 and Table 3.5 can be veri ed and are meeting
the criteria de ned, acceptance tests can be designed.

3.5 Acceptance test

This section will introduce the acceptance tests to validate the requirements presented in Sec-
tion 3.4. The purpose of these tests is to demonstrate that the developed system can perform
the expected tasks in a controlled and repeatable way and provide a direction for the design
and implementation chapters. Since our solution targets autonomous robotic control in space-
like conditions, all tests are conducted in simulation to ensure safe validation before moving to
physical testing.

To provide a structural and clear progression, the acceptance tests are divided into four distinct
parts in increasing technical complexity. This progression is to ensure the more basic capabili-
ties are certi ed before introducing more advanced scenarios.

This section begins with a brief overview of what will be needed in the simulated environment,
including the objects present and their placement, followed by a detailed description of each
acceptance test and its evaluation criteria.

3.5.1 General simulation setup

To test the full system in a simulated environment, a general setup is made. As illustrated in
Figure 3.1, the general setup includes the robot and several grasping points aligned in a single
row. Each component in this setup, including the base, the manipulator, and the grasping points,
has its own coordinate frame, enabling precise positioning and evaluation of the model.
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Figure 3.1: lllustration of the general setup for the simulated tests. The environment includes two
mounting points used for grasping and moving the robot. Coordinate frames are visual for the base,
end-effector, and the grasping points used for control strategies and target positioning.

For each test, the robot is spawned at a certain position and tasked with reaching de ned goals.
Depending on the task, the goal will be de ned for the base or the end-effector, but always
within reach to ensure feasibility and consistency. Each test will be concluded once the system
reaches the goal pose within the given threshold and locks the relevant connectors, or when a
timeout is triggered.

Since the focus of these tests is on manipulation and control using RL and less on perception and
sensor input to register the surroundings, all relevant information will be available to the models
through the simulation. Furthermore, the test environment will be made with the dimensions of
the SKYWALKER in mind, as the model is to be applied to the physical model.

3.5.2 Point-to-Point motion to learn arm control

Ful lls Requirement: D1.2, D1.2

Before training the model to perform grasping and manipulation using the grasping points, it
must rst learn to move the robotic arm accurately to target positions in free space. This test
evaluates the system's ability to execute Point-to-Point motions, moving the end-effector from
an initial position to a prede ned target pose without obstructions.
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Figure 3.2: Setup for the Point-to-Point test. The end-effector starts at the initial position and must reach
the target pose, indicated by the pink striped arrow.

During each trial, the robot is placed in the con guration shown in Figure 3.2, with the goal
pose set in the robots workplace.

A test repetition is considered a failure if the end-effector does not reach the target pose within
30 seconds.

3.5.3 Grasping Task

Ful lls Requirement: F1.1

Following the successful execution of Point-to-Point arm motion, the next stage is to train the
model to perform grasping. This test assesses the model's ability to move the end-effector to
a xed mounting point and establish a stable grasp, as illustrated in Figure 3.3. The mounting
point will be spawned in the robot's feasible area where it will need to reach it and then grasp
it.
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Figure 3.3: Setup for the grasping test. The end-effector starts from an initial position and must reach
and grasp the target mounting point. The intended motion is indicated by the pink striped arrow.

A test repetition is considered a failure if the model does not complete the grasp within 30
seconds.

3.5.4 Grasp and move the base to a pose

Ful lls Requirement: F1.2, F1.3, F1.4

After the model can grasp reliably, the model must learn to move the base while maintaining a
stable grasp to a mounting point. This test examines whether the model's ability to grasp the
mounting point and move the base to a prede ned target pose, as illustrated in Figure 3.4.

The test begins with the robot in its initial base position. The robot must rst execute a grasp on
the prede ned grasping point and then transport the base of the robot to a designated goal pose
within the workspace as visualized in Figure 3.4.
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Figure 3.4: lllustration of setup for the Grasp and move the base Test. This shows the robot grabbing
the rst mounting point and dragging the base towards a goal position for the base.

If the model fails to maintain a stable grasp, does not reach the target pose within 30 seconds,
the test fails.

3.5.5 Move the full setup from Point-to-Point with 2 grasp points

Ful lls Requirement: F1.1, F1.2, F1.3, F1.4

This test requires the system to be able to move between multiple points, requiring the system to
be able to grasp the correct mounting point, move the base enough to grasp the next mounting
point, and then move to the goal position as visualized in Figure 3.5. This test integrates all
prior skills and ensures that the model can perform sequential grasp-move actions over extended
distances.
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Figure 3.5: lllustration of setup for the multiple grasps Test. This shows the robot starting at the starting
pose, 2 mounting points, and the wanted movements by 3 pink striped arrows and a robot placed at the
wanted goal pose.

If the model fails to reach the goal position within 30 seconds or test is seen a failure.

These acceptance tests provide a clear framework for verifying if the developed system ful Is
the functional requirements under realistic, simulated conditions.

In the following chapter, the design of the framework to enable these capabilities will be pre-
sented.
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Concept design

This chapter presents the overall system design, as summarized in the owchart shown in Fig-
ure 4.1. The design begins with the Physical Setup, which includes the robotic arm and custom
hardware models used in the project. This setup interfaces with the Simulation Setup via ROS2,
enabling the transition from real-world con guration to virtual training and testing.

Within the simulation framework, several key components are detailed: the simulation platform
used to model the robot and its environment, the RL algorithms applied for training, and the
middleware libraries that enable communication between the simulation and learning modules.
Finally, the training process is monitored and evaluated through an output visualization layer,
which provides real-time feedback and performance tracking throughout the training lifecycle.

Figure 4.1: Diagram Showing the overall Pipeline for the project.

4.1 Physical Setup

The physical setup includes a robotic arm mounted on a platform. As mentioned earlier, the
MANTIS platform will be used for testing at the ORL. To carry out initial tests at the AAU
facilities, a custom platform was built with all the components needed to run the algorithm on
the robotic arm. This platform uses ball caster wheels on a metal plate to minimize friction and
better replicate the conditions of the ORL. The custom platform is also designed to be easily
mounted on the MANTIS platform during the main testing campaign.

4.1.1 Robotarms

With the aforementioned design requirements and available robots, two robotic arms become
viable for this project. Those robotic arms are the Universal Robots UR3e[46] and the UFactory
XArm7[47]. When comparing the two robots, it becomes evident which arm to use. The xArm7
shown in Figure 4.2b has a greater reach, higher DOF, and increased payload capacity, and it
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